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Purpose: This study aims to develop and validate a deep learning-based automated diagnostic system that utilizes fluorescein 
angiography (FFA) images for the rapid and accurate diagnosis of diabetic retinopathy (DR) and its complications.
Methods: We collected 19,031 FFA images from 2753 patients between June 2017 and March 2024 to construct and evaluate our 
analytical framework. The images were preprocessed and annotated for training and validating the deep learning model. The study 
employed a two-stage deep learning system: the first stage used EfficientNetB0 for a five-class classification task to differentiate 
between normal retinal conditions, various stages of DR, and post-laser treatment status; the second stage focused on images classified 
as abnormal in the first stage, further detecting the presence of diabetic macular edema (DME). Model performance was evaluated 
using multiple classification metrics, including accuracy, AUC, precision, recall, F1-score, and Cohen’s kappa coefficient.
Results: In the first stage, the model achieved an accuracy of 0.7036 and an AUC of 0.9062 on the test set, demonstrating high 
accuracy and discriminative ability. In the second stage, the model achieved an accuracy of 0.7258 and an AUC of 0.7530, performing 
well. Additionally, through Grad-CAM (gradient-weighted class activation mapping), we visualized the most influential image regions 
in the model’s decision-making process, enhancing the model’s interpretability.
Conclusion: This study successfully developed an end-to-end DR diagnostic system based on the EfficientNetB0 model. The system 
not only automates the grading of FFA images but also detects DME, significantly reducing the time required for image interpretation 
by clinicians and providing an effective tool to improve the efficiency and accuracy of DR diagnosis.

Plain Language Summary: This study developed an automated deep learning-based diagnostic system for diabetic retinopathy (DR) 
and diabetic macular edema (DME) using fluorescein angiography (FFA) images, enabling rapid and accurate diagnosis. We collected 
19,031 FFA images from 2753 patients and trained a two-stage deep learning model. In the first stage, the system used the EfficientNetB0 
model for a five-class classification task, distinguishing between normal retinal conditions, various DR stages, and post-laser treatment 
status. The model achieved an accuracy of 70.36% and an AUC of 0.9062 on the test set. In the second stage, the model focused on detecting 
DME in images classified as abnormal in the first stage, with an accuracy of 72.58% and an AUC of 0.7530. Additionally, Grad-CAM 
visualization highlighted key image regions influencing the model’s decision, enhancing its interpretability. This system not only automates 
FFA image grading but also detects DME, significantly reducing the time needed for clinicians to interpret images, and improving the 
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efficiency and accuracy of DR diagnosis. It holds great potential for widespread clinical application. 

Keywords: diabetic retinopathy, DR, diabetic macular edema, DME, deep learning, EfficientNetB0, fluorescein angiography, FFA

Introduction
Diabetic retinopathy (DR) is one of the most common complications in patients with diabetes. With the increasing 
number of diabetic patients, DR has become one of the leading causes of vision loss and blindness.1 Based on the degree 
of retinal damage, DR is classified into three stages: mild to moderate non-proliferative, severe non-proliferative, and 
proliferative stages.2,3 The clinical presentation and treatment strategies depend on the disease stage, with proliferative 
diabetic retinopathy representing the most severe form. If not treated in a timely manner, it may lead to irreversible vision 
loss.4 In addition, diabetic macular edema (DME), a common complication of DR, is typically characterized by retinal 
leakage and edema, significantly impairing central vision. DME is also one of the leading causes of vision loss in diabetic 
patients.5 Therefore, early diagnosis and intervention are crucial to preventing vision loss.6

Fluorescein fundus angiography (FFA) is a key ophthalmic imaging technique widely used to diagnose and evaluate 
DR.7,8 FFA provides clear visualization of retinal vascular morphology, leakage, and hemodynamic changes, assisting 
clinicians in more accurately determining the stage of the disease, assessing the degree of macular edema, and monitoring 
treatment outcomes.9 However, the interpretation of FFA images is complex and time-consuming, with diagnostic 
accuracy varying depending on the expertise of different ophthalmologists.10 Therefore, the development of an auto
mated diagnostic system that can quickly and accurately analyze the progression of diabetic retinopathy based on FFA 
images holds significant clinical value.

With the advancement of the Fourth Industrial Revolution in the 21st century, the application of artificial intelligence 
(AI) in the field of retinal diseases has grown rapidly.11,12 Although AI has demonstrated significant potential in the early 
screening, accurate diagnosis, and prediction of treatment outcomes for diabetic retinopathy (DR), age-related macular 
degeneration (AMD), and myopic retinal diseases, most existing studies still primarily rely on fundus photography.13–15 

However, compared to fundus photography, fluorescein angiography (FFA) provides more detailed vascular information 
and dynamically reveals vascular leakage and neovascularization, offering unique advantages, particularly in the early 
diagnosis of diabetic retinopathy and the assessment of its proliferative stages.

Therefore, this study developed an artificial intelligence-based automated diagnostic system using a dataset of fluor
escein angiography (FFA) images from patients with diabetic retinopathy (DR). The system efficiently processes and 
analyzes FFA images, enabling rapid assessment of the progression of diabetic retinopathy. By accurately identifying 
vascular abnormalities in FFA images, the system assists clinicians in precisely classifying the severity of DR and provides 
critical insights for subsequent treatment decisions. The system is designed to offer effective support in busy clinical 
settings, helping physicians improve diagnostic efficiency and accuracy in high-pressure, high-volume environments.

Methods
Data Collection
We utilized a total of 19,031 fundus fluorescein angiography (FFA) images (768 x 768 pixels) acquired from 2753 
patients between June 2017 and March 2024 to develop our system. The dataset spans nearly seven years and includes 
diverse and representative cases, ensuring robust training and evaluation for our analysis framework. These FFA images 
form the primary dataset for the study, aimed at advancing the diagnostic accuracy of retinal and choroidal pathologies.

All FFA images were captured following a standardized protocol to ensure consistency and reproducibility:

1. Device Setup: The imaging device was calibrated according to the manufacturer’s instructions before each session 
to ensure accurate image quality and fluorescence detection.

2. Subject Positioning: Subjects were seated in front of the imaging device in a dimly lit room to minimize external 
light interference.
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3. Distance Measurement: The imaging device lens was positioned approximately 2–3 centimeters from the subject’s 
eye, with careful alignment to avoid motion artifacts.

4. Subject Instructions: Subjects were instructed to look straight ahead, fixating on a specific target, and to keep their 
eyes as wide open as possible. Adequate guidance was provided to ensure compliance.

5. Image Focus and Capture: The operator ensured the imaging device was focused on the retina, with particular 
attention to the regions requiring detailed examination. Multiple images were captured to document both early and 
late phases of fluorescein dye circulation.

This standardized protocol was followed throughout the data collection period to ensure the uniformity of the imaging 
process. The dataset was subsequently processed and annotated for training and validation purposes.

Annotation
High-quality FFA images were selected by a blinded technician based on predefined image quality criteria. The criteria 
included sufficient resolution and clarity to identify retinal vascular details and abnormalities, proper focus to ensure 
clear visualization of the retina, inclusion of both central and peripheral retinal areas, uniform fluorescence distribution 
without overexposure, and capture during the appropriate phase of fluorescein dye circulation for diagnostic accuracy. 
Images that were duplicates, contained motion blur or artifacts, or lacked diagnostic relevance due to incomplete 
fluorescence filling or premature dye leakage were excluded.

The selected FFA images were annotated by three ophthalmologists with over five years of clinical experience. 
Initially, two ophthalmologists independently reviewed and labeled each image by referencing electronic medical 
records, including patient histories, clinical presentations, retinal assessments (eg, fundus examination and OCT find
ings), laboratory results, and therapeutic responses. A third ophthalmologist subsequently reviewed all the data and 
confirmed the final labels based on the presence of specific retinal pathologies and macular edema patterns observed on 
FFA, corroborated by clinical findings and therapeutic outcomes.

Each image was annotated with two sets of labels to achieve precise classification of retinal lesions and macular 
edema. The first set of labels focused on retinal diseases, where 0 represented no apparent retinal abnormalities (normal); 
1 indicated mild to moderate non-proliferative diabetic retinopathy (mild-to-moderate NPDR); 2 corresponded to severe 
non-proliferative diabetic retinopathy (severe NPDR); 3 identified proliferative diabetic retinopathy (PDR); and 4 
referred to post-retinal laser photocoagulation (post-retinal laser). The second set of labels was specifically designed 
for macular edema, with 0 representing non-diabetic macular edema (non-DME) and 1 representing diabetic macular 
edema (DME). This dual-labeling system comprehensively covered the various pathological types of retinal lesions and 
macular edema, facilitating more accurate clinical diagnosis and image analysis.

Image Preprocessing
We employed the Albumentations library for image preprocessing to standardize the input data and enhance the 
performance of our deep learning model. The input images were resized to a fixed resolution of 256×256 pixels while 
maintaining three color channels (RGB) to ensure uniform input dimensions across the dataset. The dataset was split into 
training, validation, and test subsets in a ratio of 7:1.5:1.5 to maintain a balanced representation of classes in each set. 
The batch size for training was set to 32 to facilitate efficient computation while leveraging GPU acceleration.

All images were transformed into tensor format to ensure compatibility with PyTorch, the deep learning framework 
used in this study. Following this, normalization was applied using ImageNet-standard mean values of [0.485, 0.456, 
0.406] and standard deviations of [0.229, 0.224, 0.225] for the RGB channels. This normalization step standardized the 
pixel intensity values, aligning them with the distributions expected by the EfficientNet16 architecture and thereby 
improving model convergence and training stability. These preprocessing steps ensured consistency and optimized the 
data for robust training and evaluation.
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Development of a Deep Learning System
The development of the deep learning system was carried out in two stages, with the primary objective of accurately 
diagnosing diabetic retinopathy (DR) and its complications from FFA (fluorescein fundus angiography) images. In the 
first stage, the model was trained using EfficientNetB0, which outputted a 1024-dimensional feature vector. This 
feature vector was then passed through a fully connected layer to perform a 5-class classification. The categories were 
defined as follows: 0: No apparent diabetic retinopathy; 1: Mild non-proliferative diabetic retinopathy (NPDR) or 
moderate NPDR; 2: Severe NPDR; 3: Proliferative DR with vitreous hemorrhage; 4: Post-retinal laser photocoagula
tion. The model was designed to classify images into these five categories, enabling it to distinguish between normal 
retinal conditions, various stages of DR, and post-treatment conditions. For images that are initially classified as “no 
apparent diabetic retinopathy” (ie, category 0), the system will automatically terminate subsequent pathological 
analysis and diagnostic procedures based on the preliminary classification results, and directly generate and output 
the diagnostic findings.

In the second stage, the system further specialized by focusing on the images that were classified as “abnormal” in the 
first stage (ie, categories 1–4, where DR or complications were present). The 1024-dimensional features generated by 
EfficientNetB0 in the first stage were passed through an additional 1024-dimensional fully connected layer to refine the 
feature representation. These refined features were then used to perform a 2-class classification, specifically detecting the 
presence or absence of diabetic macular edema (DME). By narrowing the focus to these more complex cases, the second 
stage aimed to increase specificity and better detect subtle, clinically significant changes, particularly in identifying DME 
in the retinal images.

Throughout both stages, all images were pre-processed into 256×256 RGB images. Training utilized the OneCycleLR 
learning rate scheduler with a starting learning rate of 0.001, and the model was trained for 100 epochs using the Adam 
optimizer.

Once both stages were trained, the model was evaluated on an independent test dataset, unseen during the training 
process. This final evaluation confirmed the system’s ability to generalize and accurately diagnose diabetic retinal 
conditions. The two-stage approach, with broad classification in the first stage followed by specialized refinement in 
the second stage, was designed to optimize the model’s diagnostic performance and reduce errors in classifying diabetic 
retinopathy and its complications.

Interpretation of AI Diagnosis
To aid clinicians in better comprehending the inferential processes of deep learning models in the classification of DR 
and DME, we employed Gradient-weighted Class Activation Mapping (Grad-CAM) to generate visual explanations for 
Fundus Fluorescein Angiography (FFA) images from our test dataset. This technique leverages gradient information with 
respect to the target class and backpropagates it to the final convolutional layers of the model, producing a localization 
map that highlights regions of the image deemed most critical for classification decisions. In the resulting heatmaps, the 
red areas signify regions that the model considers most influential when making its predictions. In the first phase of the 
task, these red regions correspond to feature areas of high importance for grading DR. In the second phase, they highlight 
key regions relevant to the diagnosis of DME.

Statistical Analysis
All statistical analyses in this study were performed using the Python programming language (version 3.8.5), with key 
statistical computations carried out using the scikit-learn library. To comprehensively evaluate the model performance, 
we calculated several commonly used classification metrics, including accuracy, area under the curve (AUC), precision, 
recall (sensitivity), F1 score, and Cohen’s kappa. Additionally, a confusion matrix was employed to further assess the 
model’s classification performance across different categories, helping to visually analyze the prediction accuracy and 
revealing the distribution of false positives (FP) and false negatives (FN), thereby identifying the model’s performance in 
each category and potential misclassification issues.
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Results
Image Data Characteristics
The study was divided into two phases: the first phase involved the grading of diabetic retinopathy, and the second phase 
focused on the identification of diabetic macular edema. The study design is depicted in Figure 1. A total of 19,031 
images were included for model development and validation. In the first phase, all images were categorized into five 
classes: Normal, Mild-Moderate NPDR, Severe NPDR, PDR, and Post-Retinal Laser. The number of images in the 
training dataset, internal validation, and external test dataset were 13,321, 2854, and 2856, respectively. In the second 
phase, all images were divided into two categories: non-DME and DME. The number of images in the training dataset, 
internal validation, and external test dataset were 10,683, 2289, and 2290, respectively. A summary of the detailed 
information of all datasets is presented in Table 1.

Evaluation of the First-Stage Model Performance
In the first stage of the task, the model demonstrated high accuracy and discriminative ability for the grading of DR. 
The accuracy on the validation set was 0.7257, with an AUC of 0.9139, precision of 0.7017, recall of 0.7006, F1 score 
of 0.6987, and a Kappa coefficient of 0.6239. The performance on the test set was slightly lower than that on the 
validation set, with accuracy of 0.7036, AUC of 0.9062, precision of 0.7055, recall of 0.7036, F1 score of 0.7023, and 
Kappa coefficient of 0.6271, as shown in Table 2. The ROC curve and confusion matrix were plotted for the external 
test set, further confirming the model’s strong discriminative ability, with AUC values for multiple categories 
approaching or exceeding 0.9, as shown in Figure 2A. The confusion matrix provided a more detailed view of the 
model’s grading performance. The values along the diagonal, representing correctly classified samples, included 315 
Normal cases, 353 Mild-Moderate NPDR cases, 232 Severe NPDR cases, 421 PDR cases, and 480 Post-Retinal Laser 

Figure 1 Overview of the experimental workflow and model architecture.(A) The experimental workflow of the entire experiment. Stage 1 for grading Diabetic 
Retinopathy (DR) and Stage 2 for diagnosing Diabetic Macular Edema (DME). (B) Architecture of the EfficientNet-B0 model.
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cases. These prominent diagonal values demonstrated the model’s capability to correctly identify different DR stages. 
The off-diagonal values, representing misclassified samples, were relatively low for each stage of DR, as illustrated in 
Figure 2C.

Evaluation of the Second Stage Model Performance
In the second stage of the task, the model’s objective was to identify diabetic macular edema (DME). The accuracy on 
the validation set was 0.7558, with an AUC of 0.7797, precision of 0.7559, recall of 0.7558, F1 score of 0.7558, and 
a Kappa coefficient of 0.3968. The performance on the test set was slightly lower, with an accuracy of 0.7258, an AUC of 
0.7530, precision of 0.7184, recall of 0.7258, F1 score of 0.7214, and a Kappa coefficient of 0.3293, as shown in Table 2. 
These results indicate that the model also demonstrated good performance in the DME identification task. The ROC 
curve on the external test set illustrated the model’s discriminative ability in the binary classification task, with an AUC 
of 0.75. Although this was lower than the performance in the first phase, it still represented a moderate level of 
performance, as shown in Figure 2B. The confusion matrix for the external test set revealed some errors in the model’s 
ability to identify DME. Among the 1600 non-DME cases, the model correctly identified 1321, but misclassified 279 
non-DME cases as DME. For the 690 DME cases, the model correctly identified 341, but erroneously classified 349 
DME cases as non-DME, as illustrated in Figure 2D.

Heatmap Visualization for Deep Learning Explainability
We employed heatmaps to visualize the regions that have the greatest influence on the model’s decision-making 
process. In the first-stage task, for mild, moderate, and severe NPDR as well as PDR, the heatmaps predominantly 
highlight the fluorescent areas in the FFA images, as shown in Figure 3(a1-a4). The corresponding original FFA 
images are presented in Figure 3(A1-A4). For Post-Retinal Laser, the heatmaps are focused on the laser spots, as 
depicted in Figure 3(a5) with their respective original images in Figure 3(A5. In the second-stage task, the heatmaps 
are primarily concentrated in the macular region, as illustrated in Figure 3(b1-b5), with the corresponding original 
images shown in Figure 3(B1-B5).

Table 1 Characteristics of the Dataset

Labels Training Set Validation Set Test Set

The first stage 12991 2561 3479
Normal 2312 275 1182

Mild-Moderate NPDR 2893 619 622

Severe NPDR 1727 369 373
PDR 3287 704 706

Post-Retinal Laser 2772 594 596

The second stage 10683 2289 2290
Non-DME 7388 1645 1600

DME 3295 644 690

Table 2 Model Performance Evaluation on the Validation and Test Set

Tasks Accuracy AUC Precision Recall F1-score Kappa

The first-stage
Validation set 0.7257 0.9139 0.7017 0.7006 0.6987 0.6239

Test set 0.7036 0.9062 0.7055 0.7036 0.7023 0.6271

The second-stage
Validation set 0.7558 0.7797 0.7559 0.7558 0.7558 0.3968

Test set 0.7258 0.7530 0.7184 0.7258 0.7214 0.3293
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Discussion
In this study, we employed the EfficientNetB0 model to implement an end-to-end DR diagnostic pipeline. First, a five- 
class classification model was used to categorize FFA images into normal, Mild-Moderate NPDR, severe NPDR, PDR, 
and post-retinal laser treatment categories. Subsequently, for images identified as abnormal in the first stage, additional 
fully connected layers were utilized for further analysis to detect the presence of DME, thus achieving a complete 
automated workflow from image input to DR and its complications diagnosis.

In previous studies, deep learning techniques based on optical coherence tomography (OCT) image analysis have been 
extensively applied for the diagnosis of diabetic retinopathy (DR) and diabetic macular edema (DME). The OCT-NET 
model proposed by Perdomo et al17 achieved an accuracy of 93% and an area under the curve (AUC) of 0.99 in the 
classification of diabetic retinopathies. The CNN-RNN hybrid deep learning model developed by Rodríguez-Miguel et al18 

detected DME by analyzing complete OCT cube images and achieved an AUROC value of 0.94 in real-world screening 
programs. Although OCT has significant advantages in retinal structural imaging, it still has limitations in detecting 
dynamic changes such as retinal vascular leakage and neovascularization. In contrast, fluorescein fundus angiography 
(FFA) can dynamically display retinal vascular leakage and neovascularization, and it has unique advantages in the early 

Figure 2 ROC curves and confusion matrices on the test set. (A) ROC curve for grading of Diabetic Retinopathy (DR). (B) ROC curve for diagnosis of Diabetic Macular 
Edema (DME). (C) Confusion matrix for grading of Diabetic Retinopathy (DR), Class labels: 0 = Normal; 1 = Mild-Moderate NPDR; 2 = Severe NPDR; 3 = PDR; 4 = Post- 
Retinal Laser. (D) Confusion matrix for diagnosis of Diabetic Macular Edema (DME), Class labels: 0 = Non-DME; 1 = DME.
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Figure 3 Heatmap Visualization for Deep Learning Explainability. The red areas indicate regions that significantly influence the model’s decision-making process. The first 
Stage (A, a) and second stage (B, b) of task. Normal (A1, a1); Mild-Moderate NPDR (A2, a2); Severe NPDR (A3, a3); PDR (A4, a4); Post-Retinal Laser (A5, a5); DME (B1, B2, 
B3, b1, b2, b3); Non-DME (B4, B5, b4, b5).
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diagnosis and proliferative phase assessment of DR. Therefore, the deep learning system based on FFA developed in this 
study can not only automatically identify different stages of DR and DME but also has the potential to be combined with 
OCT and OCT angiography, which is expected to promote multimodal data fusion and improve the accuracy and 
comprehensiveness of diagnosis.

In traditional DR diagnostic models, non-end-to-end approaches were commonly used, relying on multiple indepen
dent steps and different models to handle various diagnostic tasks for DR.10,19 This approach was not only time- 
consuming but also required the involvement of multiple specialists, increasing the complexity and cost of the diagnostic 
process. In contrast, this study employed an end-to-end model, using the EfficientNetB0 network to simultaneously 
process both DR grading and macular edema classification tasks.20 The model automatically extracted features from FFA 
images and performed joint optimization, providing direct output for DR grading and macular edema diagnosis. This 
integrated approach not only improved diagnostic efficiency but also reduced the potential for human error, ensuring the 
accuracy and consistency of the results.

In clinical practice, doctors in functional examination rooms face demanding and highly complex tasks.21 They are 
required to acquire high-quality FFA images within a limited time frame, while also performing detailed analysis of these 
images and writing accurate diagnostic reports. This dual workload often leads to increased stress, especially when the 
number of patients is high, potentially impairing work efficiency. Prolonged high-intensity work not only results in 
physical and mental fatigue but may also increase the risk of missed or incorrect diagnoses, thus affecting timely 
diagnosis and treatment, and ultimately influencing patient prognosis and quality of life.22,23 At the same time, DR has 
become one of the leading causes of adult blindness in China, and its prevalence continues to rise as the number of 
diabetic patients increases annually, putting greater diagnostic pressure on clinicians.24,25 To address this challenge, this 
study developed a system capable of rapidly and accurately processing and analyzing FFA images. This system not only 
automatically identifies different stages of diabetic retinopathy but also detects diabetic retinal complications, signifi
cantly reducing the time doctors spend on image interpretation, thus allowing them to focus more on patient commu
nication and clinical decision-making.

Deep learning models are often regarded as “black boxes” due to their opaque and hard-to-interpret decision-making 
processes, which limits their widespread clinical application and reduces doctors’ trust in them. To address this issue, this 
study introduced the Grad-CAM technique to enhance model interpretability. By generating heatmaps, Grad-CAM 
clearly visualizes the key regions that the model focuses on during FFA image classification, thereby revealing the 
rationale behind the model’s decisions.26 This visualization not only helps clinicians understand the model’s reasoning 
process and enhances their trust in the diagnostic results but also aids in identifying and addressing potential model flaws, 
ultimately improving the accuracy and reliability of the model.

This study has several limitations. Firstly, the dataset was obtained from a single center, which limited the diversity 
of patient ethnicity and imaging devices. This limitation may compromise the generalizability of the study results to 
other populations and clinical settings. Secondly, the dataset only included FFA images of patients with diabetic 
retinopathy (DR) and lacked data from other retinal disease types. This may restrict the model’s applicability to 
a broader range of diseases. Furthermore, the current method focused on the annotation of single FFA images and did 
not involve the analysis of time-series data, which precluded the capture of dynamic disease progression. In future 
research, we will expand the disease types, incorporate multicenter and multimodal data (such as OCT and color 
fundus photography), and introduce time-series analysis to further enhance the model’s generalizability and clinical 
value.

Conclusion
In conclusion, this study successfully developed an end-to-end diabetic retinopathy (DR) diagnostic system based on 
the EfficientNetB0 model. The system first utilizes a five-class classification model to grade FFA images, and then 
applies additional fully connected layers to detect diabetic macular edema (DME) in images identified as abnormal. 
This approach enables accurate and efficient diagnosis of DR and DME, offering effective support in busy clinical 
settings.
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