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WHAT IS ALREADY KNOWN ON THIS TOPIC 21 

The interpretation of ophthalmic images requires a significant investment of time and labour. Artificial 22 

intelligence technology has achieved automated report generation based on fundus photographs and 23 

fluorescein angiography images but not on indocyanine green angiography (ICGA) images. 24 

 25 

WHAT THIS STUDY ADDS 26 

In this proof-of-concept study, we successfully developed and validated an innovative ICGA-GPT 27 

model related to ICGA images. This model combines a multimodality transformer architecture and a 28 

large language model, resulting in satisfactory report generation and interactive question-answering 29 

performance across both qualitative and quantitative evaluations. 30 

 31 

HOW THIS STUDY MIGHT AFFECT RESEARCH, PRACTICE OR POLICY 32 

The introduction of ICGA-GPT as a valuable tool holds promising prospects in the realm of ocular 33 

image interpretation. With further optimization and validation in the future, it has the potential to 34 

alleviate the day-to-day workload in ophthalmic clinics.  35 



ABSTRACT 36 

Background Indocyanine green angiography (ICGA) is vital for diagnosing chorioretinal diseases, but 37 

its interpretation and patient communication require extensive expertise and time-consuming efforts. 38 

We aim to develop a bilingual ICGA report generation and question-answering (QA) system. 39 

 40 

Methods Our dataset comprised 213,129 ICGA images from 2,919 participants. The system comprised 41 

two stages: image-text alignment for report generation by a multimodal transformer architecture, and 42 

large language model (LLM)-based QA with ICGA text reports and human-input questions. 43 

Performance was assessed using both qualitative metrics (including Bilingual Evaluation Understudy 44 

(BLEU), Consensus-based Image Description Evaluation (CIDEr), Recall-Oriented Understudy for 45 

Gisting Evaluation-Longest Common Subsequence (ROUGE-L), Semantic Propositional Image 46 

Caption Evaluation (SPICE), accuracy, sensitivity, specificity, precision, and F1 score) and subjective 47 

evaluation by three experienced ophthalmologists using 5-point scales (5 refers to high quality). 48 

 49 

Results We produced 8,757 ICGA reports covering 39 disease-related conditions after bilingual 50 

translation (66.7% English, 33.3% Chinese). The ICGA-GPT model's report generation performance 51 

was evaluated with BLEU scores (1-4) of 0.48, 0.44, 0.40, and 0.37, CIDEr of 0.82, ROUGE of 0.41, 52 

and SPICE of 0.18. For disease-based metrics, the average specificity, accuracy, precision, sensitivity, 53 

and F1 score were 0.98, 0.94, 0.70, 0.68, and 0.64, respectively. Assessing the quality of 50 images 54 

(100 reports), three ophthalmologists achieved substantial agreement (kappa=0.723 for completeness, 55 

kappa=0.738 for accuracy), yielding scores from 3.20 to 3.55. In an interactive QA scenario involving 56 

100 generated answers, the ophthalmologists provided scores of 4.24, 4.22, and 4.10, displaying good 57 

consistency (kappa=0.779). 58 

 59 

Conclusion This pioneering study introduces the ICGA-GPT model for report generation and 60 

interactive QA for the first time, underscoring the potential of LLMs in assisting with automatic ICGA 61 

image interpretation. 62 

 63 



Keywords large language model, indocyanine green angiography, medical report generation, medical 64 

question answering, generative artificial intelligence  65 



Introduction 66 

Indocyanine green angiography (ICGA) is an advanced imaging technique that utilizes the indocyanine 67 

green (ICG) dye to enhance fundus photographic imaging. ICG exhibits a unique capability to 68 

effectively traverse through blood, pigments, and exudate, rendering it particularly well-suited for the 69 

visualization of choroidal circulation and analysis of diverse chorioretinal disorders, including 70 

choroidal neovascularization (CNV), chronic central serous chorioretinopathy and choroidal 71 

haemangiomas, facilitating disease diagnosis and management.[1 2]  72 

 73 

However, the interpretation of ICGA images requires a significant level of professional expertise and 74 

extensive training. Ophthalmologists are not only tasked with accurate image interpretation and 75 

reporting based on ICGA images, but they also face the considerable task of explaining these reports to 76 

patients. This process involves a significant investment of time and effort.[3 4] Artificial intelligence 77 

(AI) offers immense potential in this context, given its ability to process large volumes of data at a 78 

scale beyond human capabilities in various medical domains.[5] With advancements in computer 79 

vision, nowadays AI can automatically analyze imaging data.[6 7] Previous studies have tackled the 80 

automation of ophthalmic disease classification based on ocular images[4 8] and the generation of 81 

reports using fundus fluorescein angiography (FFA) images.[9] However, to the best of our knowledge, 82 

a free text-based system for generating ICGA reports has yet to be developed. 83 

 84 

Furthermore, existing auto-report systems primarily generate text reports that resemble those generated 85 

by humans,[9 10] lacking the necessary interactivity for subsequent comprehension. This often results 86 

in patients struggling to fully understand their condition after receiving the report, and doctors being 87 

unable to allocate excessive time for explanation due to their already demanding schedules. Recent 88 

strides in large language models (LLM) offer a new possibility.[11] These models possess powerful 89 

natural language processing and generation capabilities, enabling them to generate context-aware 90 

responses during interactions with users, potentially better meeting the needs of both patients and 91 

doctors.[12] However, it was reported that even the most advanced model, GPT-4V(sion), struggles 92 

with tasks related to ophthalmic image interpretation.[13] The potential of extending LLMs to interpret 93 



ophthalmic images and address patient’s concerns remains unexplored. 94 

 95 

In light of this, we aim to develop a bilingual ICGA-GPT system, providing a scheme that combines 96 

the power of LLMs and report generation models for the dual purposes of report generation and 97 

interactive question-answering (QA) based on the imaging report. 98 

 99 

Methods 100 

The study flow chart is shown in Figure 1.  101 

 102 

Dataset 103 

The data for this study were retrospectively collected from a tertiary eye hospital in China between 104 

November 2016 and December 2019. All patient data were anonymized, adhering to the Declaration of 105 

Helsinki's principles. We excluded low-quality ICGA images by extracting vessels,[14] where images 106 

with detectable vessel ratios less than 0.01 were excluded. Each case contained an average (SD) of 107 

146.61 (70.01) ICGA images captured using the Heidelberg spectral camera (Heidelberg, Germany) 108 

with a resolution of 768 × 768 pixels. We employed a temporal splits strategy to validate our model. It 109 

is a temporal or narrow validation that involves developing a model using past data and validating it on 110 

future data.[15] Specifically, we divided the dataset into the training set (data prior to June 2019), the 111 

validation set (data from June to September 2019), and the testing set (data from September to 112 

December 2019, serving as a form of external validation). Anonymous patient IDs were used to ensure 113 

there is no patient overlap between different datasets, thus preventing any potential data leakage or 114 

result bias arising from cases in previous visits. 115 

 116 

Development of ICGA-GPT 117 

We first translated the initial Chinese ICGA report into English to obtain bilingual (Chinese and 118 

English) versions of the reports. We employed the Bootstrapping Language-Image Pre-training (BLIP) 119 

framework. This framework has been pre-trained on several datasets, including two human-annotated 120 

datasets (COCO and Visual Genome), and three web datasets (Conceptual Captions, Conceptual 12M, 121 



SBU captions),[16] thus enabling the model to learn visual features and semantic meaning from a 122 

diverse and extensive collection of images. It consists of two main components, visual transformer[17] 123 

as the image encoder and Bidirectional Encoder Representations from Transformers[18] as the 124 

language encoder and decoder. Using the ICGA images and their corresponding bilingual reports, we 125 

fine-tuned the pretrained BLIP model. During the training process, we randomly selected 1-9 images 126 

from each case as input for the model. The sampling was balanced between the early, mid, and late 127 

phases of ICGA. All images were resized to 320x320 pixels. We used the AdamW optimizer during the 128 

fine-tuning process. The initial learning rate was set at 0.00002, accompanied by a weight decay of 129 

0.05, and a cosine learning rate schedule. The fine-tuning was conducted with a preset of 50 epochs 130 

using two NVIDIA Tesla V100 GPUs, the model with the best Bilingual Evaluation Understudy 131 

(BLEU)1 score on the validation set was chosen for testing. 132 

 133 

We further introduced the state-of-the-art open-source LLM Llama 2-7b[12] in the second step to 134 

explore its capability to read generated reports. Specifically, we selected high-quality English reports 135 

covering various conditions and formulated a series of typical questions related to ICGA reports based 136 

on our clinical experience per methods similar to those used by Momenaei et al.[19] For each report, 137 

we paired it with the prepared questions and inputted them into the Llama 2 model for testing. 138 

 139 

Evaluation of ICGA-GPT 140 

Evaluation of the report generation part 141 

Language-based metrics 142 

Our model aims to generate ICGA reports that closely resemble those written by human experts. The 143 

quality of generated reports is evaluated using the general quantitative natural language generation 144 

(NLG) metrics, including BLEU,[20] Consensus-based Image Description Evaluation (CIDEr),[21] 145 

Recall-Oriented Understudy for Gisting Evaluation-Longest Common Subsequence (ROUGE-L),[22] 146 

and Semantic Propositional Image Caption Evaluation (SPICE).[23] Considering the number of words 147 

in common ophthalmology phrases , we utilize 1-4 grams of BLEU to assess the predicted reports. 148 

 149 



Disease-based metrics 150 

To address the shortcomings of the conventional NLG metrics in medical abnormality detection, we 151 

further included disease-based evaluation metrics, including accuracy, sensitivity, specificity, precision, 152 

and F1 score. Specifically, we employed a keyword-matching approach to extract and standardize the 153 

terminology for disease conditions, which formed the foundation for evaluating the generated reports. 154 

Subsequently, we identified 14 commonly diagnosed conditions in ophthalmic clinical practices using 155 

ICGA. For each of these conditions, we computed individual top-1 classification metrics, as well as the 156 

average metrics across all 14 abnormalities. 157 

 158 

Human-assessment 159 

A total of 50 images from the test set were randomly sampled, and their corresponding bilingual 160 

generated reports (50 in Chinese and 50 in English) were manually assessed by three qualified 161 

ophthalmologists (X.C., Z.Z. and P.X.) using a scale with 5-point scores. The evaluation focused on 162 

two aspects: (1) completeness: the degree of condition match between ground truth and the generated 163 

reports, and (2) correctness: the accuracy of angiographic and condition descriptions. The ground truths 164 

were original reports written by professional ICGA specialists, serving as reliable references for 165 

evaluation. The scale incorporated five response options, with each option assigned a value ranging 166 

from 1 (strongly disagree) to 5 (strongly agree). The details of the scale are presented in online 167 

Supplemental Table S1. The ophthalmologists first validate the original reports with the ICGA images 168 

to ensure their reliability, and then compare them with the generated reports and assign scores to each 169 

aspect of each report. The average value of the three evaluators is recorded as the final score for each 170 

item. To determine the agreement between the ophthalmologists, we calculated Fleiss’ Kappa. The 171 

value of Kappa (k) ranges from -1 to 1 and is used as an indicator of the strength of agreement where 172 

the Kappa statistics were interpreted as follows: 0.01-0.20 (slight agreement), 0.21-0.40 (fair 173 

agreement), 0.41-0.60 (moderate agreement), 0.61-0.80 (substantial agreement), and 0.81-0.99 (almost 174 

perfect agreement).[24] 175 

 176 

Evaluation of the QA part 177 



Human-assessment 178 

Each set of recorded responses to all the prepared questions was also reviewed by the three 179 

ophthalmologists. The ophthalmologists assessed the answers subjectively, considering factors such as 180 

inappropriate content, missing content, and extent of possible harm,[25] on a scale of 1 to 5 181 

(5=excellent, 4=good, 3=normal, 2=poor, and 1=very poor), with a score 5 referring to the highest 182 

quality. The final score of the answer is obtained by averaging the ratings given by three evaluators. 183 

The detailed grading criteria and examples of different quality were demonstrated in online 184 

Supplemental Table S2 and online Supplemental Figure S1. The inter-rater agreement was also 185 

assessed using the same metric, Fleiss' Kappa, as in the report evaluation. 186 

 187 

Results 188 

The final dataset included 213,129 ICGA images alongside 2,919 reports. Among these images, 189 

132,452 (62.1%) were in early-phase (57,668 from 20 to 60 seconds and 74,784 from 60 seconds to 3 190 

minutes), 44,726 (21.0%) were in mid-phase and 35,951 (16.9%) were in late-phase. The median 191 

(interquartile range) age of the participants was 54 (40, 65) years, and 1662 (56.9%) were male. 192 

Detailed characteristics of the dataset are presented in Table 1.  193 



Table 1 Indocyanine green angiography (ICGA) dataset characteristics.  
 

Total Train Validation Test P value 

Population      

No. 2919 1612 580 727  

Age, median 

(IQR) 

54 (40, 65) 54 (42, 65) 53 (37, 65) 54 (38, 66) 0.134 

Sex, n (%) 

    

0.025 

  Female 1257 (43.1) 662 (41.1) 253 (43.6) 342 (47.0)   

  Male 1662 (56.9) 950 (58.9) 327 (56.4) 385 (53.0)   

Year, n (%)     < 0.001 

  2016 149 (5.1) 149 (9.2) 0 (0) 0 (0)  

  2017 883 (30.3) 883 (54.8) 0 (0) 0 (0)  

  2019 1887 (64.6) 580 (36.0) 580 (100) 727 (100)  

ICGA images      

No. 213129 114880 43463 54786  

Phase*, n (%) 

    

< 0.001 

  Early 57668 (27.1) 31382 (27.2) 11654 (26.7) 14632 (26.6)   

  Early1 74784 (35.1) 39724 (34.4) 15107 (34.6) 19953 (36.3)  

  Mid 44726 (21.0) 24379 (21.1) 9132 (20.9) 11215 (20.4)  

  Late 35951 (16.9) 19395 (16.8) 7570 (17.3) 8986 (16.4)  

*Early: 20s-60s; Early1: 60s-3min; Mid: 3min-5min; Late:＞5min. 

IQR, Interquartile Range.  

194 



We created a dictionary to extract diagnoses and findings with keyword matching from the original 195 

Chinese reports. After data extraction, most of the participants were diagnosed with multiple 196 

chorioretinal conditions, including hemorrhage (8.7%), drusen (7.6%), pigmentary change (6.5%), 197 

CNV (5.7%), and retinal dystrophy (5.0%). There was a total of 39 conditions, and their distribution is 198 

illustrated in Figure 2A. We generated a total of 8,757 reports, with 5,838 (66.7%) in English and 199 

2,919 (33.3%) in Chinese. The words in reports primarily encompass positional location and specific 200 

angiography-related descriptions. The word cloud of the top-appearing words is provided in Figure 2B. 201 

 202 

Quantitative model performance 203 

The model demonstrated satisfactory performance in generating ICGA reports, as shown in Table 2. In 204 

terms of language-based evaluation, the model achieved the following scores: BLEU1=0.48, 205 

BLEU2=0.44, BLEU3=0.40, BLEU4=0.37, CIDEr=0.82, ROUGE=0.41, and SPICE=0.18. Regarding 206 

disease-based metrics, the overall performance for the 14 common diseases was acceptable. The overall 207 

specificity, accuracy, precision, sensitivity, and F1 scores were 0.98, 0.94, 0.70, 0.68, and 0.64, 208 

respectively. The metrics for each condition are presented in Table 2B. In the context of imbalanced 209 

distribution, the F1 score is an unbiased metric and is of significant value, with the highest score 210 

observed for wet AMD at 0.80. 211 

 212 

Additionally, we investigated the relative importance of different numbers of input images to the 213 

ICGA-GPT by inputting a range of one to twelve images. We observed that the performance of the 214 

model improved dramatically when more than one image was provided and plateaued when there were 215 

at least four images (online Supplemental Figure S2, pink line) for the BLEU-1 metric. This trend was 216 

preserved for CIDEr, ROUGE, and SPICE metrics (online Supplemental Figure S2, blue, green, and 217 

orange lines).  218 



Table 2 Quantitative model performance in the test set: (A)language-based metrics, (B) disease-based 

metrics 

A.  

BLEU_1 BLEU_2 BLEU_3 BLEU_4 CIDEr ROUGE SPICE 

0.48 0.44 0.40 0.37 0.82 0.41 0.18 

B.  

Condition Specificity Accuracy Precision Sensitivity F1 score 

Polypoidal choroidal 

vasculopathy 
0.97 0.95 0.68 0.72 0.70 

Choroidal neovascularization 0.95 0.89 0.63 0.75 0.68 

Wet age-related macular 

degeneration 
1.00 1.00 1.00 0.67 0.80 

Age-related macular 

degeneration 
0.97 0.95 0.72 0.73 0.72 

Myopia 1.00 0.99 0.67 0.82 0.74 

Choroidal hemangioma 1.00 1.00 0.67 0.67 0.67 

Vogt-Koyanagi-Harada 

disease 
1.00 1.00 0.57 1.00 0.73 

Multiple evanescent white dot 

syndrome 
1.00 1.00 1.00 0.50 0.67 

Aneurysm 1.00 0.99 0.60 1.00 0.75 

Choroidal mass 0.99 0.99 1.00 0.44 0.62 

Chronic central serous 

chorioretinopathy 
1.00 1.00 1.00 0.33 0.50 

Lacquer crack 0.98 0.96 0.55 0.55 0.55 

Drusen 0.90 0.80 0.41 0.53 0.46 

Pathologic myopia 1.00 0.98 0.25 0.80 0.38 

Average 0.98 0.94 0.70 0.68 0.64 

BLEU, Bilingual Evaluation Understudy; CIDEr, Consensus-based Image Description Evaluation; 

ROUGE, Recall-Oriented Understudy for Gisting Evaluation; SPICE, Semantic Propositional Image 

Caption Evaluation. 

  219 



Qualitative model performance 220 

Qualitative model performance results are provided in Table 3. Example-generated reports and answers 221 

are shown in online Supplemental Figure S3.  222 

 223 

Table 3 Qualitative model performance in the test set: (A) report generation, (B) medical question 

answering 

 Rater 1 

Mean (SD) 

Rater 2 

Mean (SD) 

Rater 3 

Mean (SD) 

Kappa  

A.  

Completeness 3.55 (1.34) 3.41 (1.38) 3.55 (1.34) 0.723 

Accuracy 3.34 (1.36) 3.20 (1.38) 3.35 (1.40) 0.738 

B. 

Score  4.24 (1.13) 4.22 (1.18) 4.10 (1.19) 0.779 

SD, Standard Deviation. 

 224 

Quality of generated reports 225 

The mean (standard deviation [SD]) of the scores was 3.55(1.34) for completeness, 3.34(1.36) for 226 

accuracy, assessed by the first grader, 3.41(1.38), 3.20(1.38) by the second grader, and 3.55(1.34), 227 

3.35(1.40) by the third grader. Fleiss' Kappa values indicate a good agreement between the three 228 

graders for assessing report quality, with a kappa value of 0.723 for completeness and 0.738 for 229 

accuracy, respectively.  230 

Further analysis of the high-quality reports (scoring≥4 points) revealed that these reports primarily 231 

pertain to conditions such as CNV, drusen, PCV, and age-related macular degeneration, as well as 232 

reports with negative findings. However, a small percentage of reports were of poor quality (12.7% 233 

scored 1 for completeness and 13% scored 1 for accuracy), predominantly comprising rare conditions 234 

such as retinal folds and Behcet's disease, as well as conditions like media opacity that can result in 235 

blurry images.  236 

 237 

Quality of question-answering 238 

The question lists we created contain a total of 20 items, covering a variety of topics, including report 239 

summaries, disease definitions, etiology, the visual impact of the condition, preventative measures, 240 



further examinations, treatment options, prognosis, related complications, and ICGA testing 241 

information including timing, specific phases, and post-test instructions (See online Supplemental 242 

Table S3). We each selected a representative high-quality English report of CNV, drusen, PCV, age-243 

related Macular degeneration, and lacquer crack, respectively, and input a series of prepared questions. 244 

The results showed that the mean (SD) of the answer scores was 4.24(1.13) by the first grader, 245 

4.22(1.18) by the second grader, and 4.10(1.19) by the third grader. The kappa value for answer scores 246 

was 0.779, indicating a substantial level of agreement among the three graders. Among all the answers 247 

related to different diseases, high-quality (≥4 points) answers accounted for 70% in AMD, 60% in 248 

CNV, 80% in drusen, 90% in lacquer crack, and 75% in PCV. 249 

 250 

Discussion 251 

In this study, we employed a multi-modal transformer to bridge the gap between ICGA images and 252 

reports, and then utilized an LLM to achieve interactive question-answering. The system exhibited 253 

consistent and satisfactory performance, as evaluated through both quantitative and qualitative metrics. 254 

To the best of our knowledge, this represents the first attempt to showcase the potential of LLMs in 255 

assisting with report generation and subsequent QA to enhance the interpretation of ICGA images. 256 

 257 

Traditional image captioning models typically use Convolutional Neural Networks (CNN) and 258 

Recurrent Neural Networks (RNN) architecture to translate images into text.[26] However, these 259 

methods have limitations on the length of generated text and adaptability to multi-modal data. In 260 

contrast, Transformers have an advantage in these issues due to their cross-attention architectures.[10 261 

27] In the realm of ophthalmic imaging, transformer-based models have been used in image-text 262 

conversion tasks. Wu et al.[28] developed a hybrid CNN-Transformer system for retinal images. Li et 263 

al.[9] developed a cross-modal clinical graph Transformer for FFA report generation. A study also used 264 

a contrastive pre-training method to enhance medical report generation systems.[29] In our study, we 265 

adopted the BLIP,[16] a pure Transformer architecture pre-trained on a large image-text dataset. This 266 

demonstrates the effectiveness of adapting pre-trained models to the specific domain of ICGA images. 267 

In terms of AI in ICGA, a previous study demonstrated promising classification performance for 268 



PCV,[4] but it was solely focused on the classification task of a specific disease (Specificity=0.80, 269 

Accuracy=0.83, Precision=0.81, and Sensitivity=0.87). By finetuning BLIP using a bilingual ICGA 270 

dataset, we not only achieved competitive classification performance for PCV (Specificity=0.97, 271 

Accuracy=0.95, Precision=0.68, and Sensitivity=0.72) but also enabled discrimination and generation 272 

of free-text ICGA-related reports for various chorioretinal diseases. The model's performance in these 273 

cases underscores its potential value in clinical settings. 274 

 275 

LLMs are powerful forms of AI with world knowledge and logical reasoning abilities.[11] Fine-tuning 276 

is a common strategy for using LLMs to solve medical issues but comes with certain limitations, 277 

including potential performance reduction in other un-finetuned domains,[30] the need for significant 278 

computational resources,[31] and the lack of high-quality medical dialogue data.[25] To fully leverage 279 

the in-context learning and reasoning capabilities of LLMs without fine-tuning, we have integrated 280 

prompts to create an ICGA report-specific medical dialogue pipeline. LLM serves as the “brain” of the 281 

pipeline, analyzing queries to determine if it can provide answers based on the given information. This 282 

pipeline is similar to the research conducted by Wang et al,[32] which presented a method of 283 

integrating LLMs into computer-aided diagnosis networks for X-ray images. This approach has several 284 

advantages. Firstly, while LLMs can produce hallucinations, it is unpredictable when patients input 285 

reports to any LLM and receive answers. Our experiments showed that the input prompts matter, and 286 

we restricted the LLM to answer questions based on the imaging report. This solution has been 287 

professionally evaluated by ophthalmologists, demonstrating its potential in interpreting highly 288 

specialized ophthalmic reports, thereby reducing dependence on other unreliable online resources. 289 

Secondly, the pipeline offers a user-friendly and comprehensive solution for patients, promoting their 290 

active involvement in the decision-making process and potentially enhancing patient autonomy if 291 

integrated into a clinical system in the future. Thirdly, Llama-2 is an open-source model with excellent 292 

scalability, providing a foundation for incorporating external knowledge and fine-tuning it with reliable 293 

domain-specific databases in the future. It can be continuously improved during application, facilitating 294 

the delivery of personalized and effective healthcare services to patients. 295 

 296 



The utilization of AI in healthcare systems is crucial and necessary due to its ability to enhance 297 

precision and accuracy while reducing the waiting time and workload.[33] Firstly, our ICGA-GPT 298 

model can serve as a vital auxiliary tool for ophthalmologists. Generating reports for ICGA images is a 299 

time-consuming task and diagnostic errors resulting from difficulty and fatigue may occur, particularly 300 

in areas where ophthalmologists are unavailable or lack diagnostic expertise. Previous studies have 301 

shown that AI assistance is beneficial, which can reduce diagnostic time[34] and improve radiologists’ 302 

performance.[35] According to the analysis of both the original and generated report in our study, 303 

ICGA-GPT can provide additional information beyond visual observation. This can offer 304 

supplementary insights for ophthalmologists and free up their time for more complex cases. In 305 

addition, our model can also serve as an educational tool for patients. In overloaded ophthalmic clinics, 306 

patients may not have enough time to fully understand their examination reports and medical 307 

conditions. In this study, ICGA-GPT has demonstrated its ability to provide patients with basic clinical 308 

explanations and recommendations related to etiology, abnormalities, treatment, and follow-up. This 309 

suggests its immense potential to reduce medical consultation costs and enhance the viability of online 310 

medical services. 311 

 312 

There are some limitations in this study. Firstly, we did not have access to a completely external dataset 313 

for validation. Instead, we adopted a temporal data-splitting approach. This approach simulates the 314 

process of developing a system using retrospective data and subsequently validating that system using 315 

data collected from the same sites in the subsequent years. Secondly, our model exhibits subpar 316 

performance in generating reports for some relatively rare cases and those with media opacity, and 317 

occasionally, the generated answers may be overly vague or inaccurate. Therefore, future work could 318 

focus on expanding the dataset to include more challenging-to-distinguish conditions, enhancing the 319 

LLM through fine-tuning, or equipping it with ophthalmic domain knowledge. Finally, it should be 320 

emphasized that our model is currently limited to ICGA images, and further research should focus on 321 

developing multimodal imaging models or combining images with electronic medical record data.  322 

 323 

In conclusion, this study highlights the efficacy and potential of combining the report-generation 324 



models and LLMs for ICGA report generation and subsequent QA. ICGA-GPT is a promising adjunct 325 

to enhance medical image interpretation, benefiting both healthcare professionals and patients.  326 
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Figure Legends： 433 

Figure 1. Flow diagram of this study. ICGA, indocyanine green angiography; LLM=large language 434 

model.  435 

Figure 2. (A) The distribution of eye conditions extracted from the indocyanine green angiography 436 

reports. (B) The English and Chinese reports’ word clouds. 437 



 

Figure 1. Flow diagram of this study. ICGA, indocyanine green angiography; LLM=large language 
model.   



 
Figure 2. (A) The distribution of eye conditions extracted from the indocyanine green angiography 
reports. (B) The English and Chinese reports’ word clouds. 
 



Supplemental table S1. The scales for qualitative evaluation of report generation.  

Report Quality 

1. (Completeness) The generated report covers all the lesions in the original images and reports. 

Strongly disagree Disagree Neither Agree Strongly agree 

□1 □2 □3 □4 □5 

2. (Accuracy) The generated report accurately describes the anatomical location and fluorescence 

characteristics of the lesions. 

Strongly disagree Disagree Neither Agree Strongly agree 

□1 □2 □3 □4 □5 

  



Supplemental table S2. The scoring criteria for qualitative evaluation of question answering.  

Score Quality Description 

5 Excellent ◎The answer is essentially correct and can be recommended to patients. 

4 Good ◎The answer has a few errors, but it can still be recommended to patients. 

3 Normal ◎The answer lacks crucial information and is not suitable for recommending to patients. 

2 Poor ◎The answer is incorrect and may bring harm to patients. 

1 Very poor ◎The answer is completely wrong or completely unrelated. 

  



Supplemental table S3. The question lists related to ICGA reports for question answering testing. 

1. Is there any abnormality? 

2. What is the diagnosis? 
3. Where is the abnormality? 
4. Is this condition severe? 
5. Can this condition cause blindness? 
6. Will this condition progress? 
7. What is the outcome of this condition? 
8. What is the prognosis for this condition? 
9. What might be the cause of this condition? 
10. What are some common complications that can occur? 
11. What should I do? 
12. What is your suggestion for me? 
13. What kind of further testing might be necessary? 
14. What might be the treatment options for this condition? 
15. How can I prevent this condition? 
16. Can you explain how ICGA works and what it can detect? 
17. What is the early/mid/late phase of ICGA? 
18. How long does an ICGA test usually take to complete? 
19. Is there anything I should avoid doing after an ICGA test? 
20. Will the contrast dye used in angiography remain in my body? 

  



Supplemental figure S1. Examples of generated answers in different grades. A. high quality. B. 

medium quality. C. poor quality. Red Text: Marks incorrect information in the model's response. 

A 
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Supplemental figure S2. Impact of input image number on the report generation performance of 

ICGA-GPT. ICGA=indocyanine green angiography, GPT=generative pre-trained transformer. 

 

  



Supplemental figure S3. Demonstration of our model. A. Stage 1: input image, ground truth, and 

model report generation. B. Stage 2: question answering. User can ask questions in free form, the 

model answers questions based on the previous generated report and LLM’s prior knowledge. Blue 

Highlight: Corresponds to accurate diagnosis matches. Yellow Highlight: Indicates congruent 

angiographic and condition descriptions. Red Text: Marks incorrect information in the model's 

response. Blue Text: Presents supplementary predicted information (not in the manual report). 

 



Provide insights based on the following components for *RAE submission requirement (no more than 
100 words): 

 
Originality:  
This study successfully developed and evaluated an innovative model related to indocyanine green 
angiography (ICGA) image interpretation by combining a multimodality transformer architecture and a 
large language model. 

 
Significance: 
This model not only provides ICGA report generation but also enables subsequent question-answering, 
demonstrating a promising adjunct to enhance medical image interpretation for the benefit of 
healthcare professionals and patients. 
 
Rigour: 
The generated ICGA reports and answers were under qualitative evaluation using language-based 
metrics and disease-based metrics. Additionally, three experienced ophthalmologists conducted 
subjective evaluations using a 5-point scale. 
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