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Generative artificial intelligence for
fundus fluorescein angiography
interpretation and human expert
evaluation
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Fundus fluorescein angiography (FFA) is the gold standard for diagnosing chorioretinal diseases, but
its interpretation requires significant expertise and time. Despite generative AI’s enormous potential in
medical report generation, automatic FFA interpretation lacks robustmodels and sufficient evaluation
metrics. This study introduces InterpreFFA, adiagnosis-supervised contrastive learning framework, to
emulate ophthalmologists’ decision-making process in FFA report generation. Validated on multi-
center datasets, InterpreFFA demonstrated superior performance and generalization compared to
baselinemodels. In a simulated clinical setting, two residents used InterpreFFA to diagnose and report
FFA cases, with six board-certified ophthalmologists rating the generated reports based on a five-
point Likert scale. InterpreFFA significantly improved diagnostic accuracy (85.55 to 90.34%, p < 0.05)
and shortened reporting time (153.93 to 108.08 s, p < 0.001). Although AI-generated reports scored
slightly lower than manual reports (4.12 vs. 4.38, p < 0.01), InterpreFFA proves to be a promising and
cost-effective ancillary tool for enhancing clinical efficiency.

Fundus fluorescein angiography (FFA), the widely accepted gold standard
for visualizing retinal vasculature, has been crucial in diagnosing various
chorioretinal diseases for over 30 years1.Due to theflexibility in the number,
location and phase of FFA images when compared to other retinal exam-
inations, FFA provides more dynamic and abundant fundus vascular
information, yet is accompanied by a more complex and time-consuming
interpretation, which requires significant ophthalmological expertise2.
Given the increasing orders in FFA and scarcity of experienced ophthal-
mologists, particularly in remote or densely populated areas, a reliable and
generalizable AI-assisted system for FFA image interpretation is urgently
demanded3.

Generative artificial intelligence (AI), foundation models, and large
language models (LLMs) are increasingly transforming medical image

interpretation and clinical reporting.GenerativeAI techniques can generate
new content including text, images and video, based on learned patterns
from existing data4. Recently, advancements in generative AI have sig-
nificantly expanded its application in medicine, yielding promising results
in assisting physicians with interpreting different medical images, enhan-
cing human-in-the-loop clinical decision-making and supporting disease
diagnosis and prognosis prediction5–7. Studies have demonstrated that
generative AI methods can produce chest radiograph reports of similar
textual quality to radiologist reports, effectively shorten the reporting time
and improve reader performance and efficiency8–10. These outcomes
underscore generative AI’s potential to support clinicians in clinical image
interpretation, which enables streamlining diagnostic workflows and deli-
vering timely and accurate patient care.
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Despite the abovementioned advantages, the development of AI-
aided FFA interpretation systems faces several challenges. Firstly, the
complexity of FFA images and the lack of open-source datasets with
corresponding natural language reports cause limited research on auto-
matic FFA interpretation11,12. Secondly, existing studies are also suffering
from insufficient model performance and inadequate evaluation
metrics10,13. Previous studies mostly focused on improving the literal
similarity between generated reports and real-world reports, which are
so-called natural language generation (NLG) metrics, instead of the
clinical value14. Conventional NLG metrics do not reflect the improve-
ments in clinical settings. To address these problems, Li et al. invited
senior ophthalmologists to generally evaluate whether the generated
reports can “accurately” describe the images based on several medical
questions15,16. Chen et al. extracted keywords from the original FFA
reports as classification labels and assessed the accuracy, which partially
reflected the clinical efficacy of generated reports17. It is noteworthy that
automatic report generation is currently accepted only for ancillary use,
rather than for producing instant reports for patients. Despite the recent
advances, there is still insufficient evidence on the comprehensive eva-
luation of the generated reports and the impact of these AI-aided systems
in the clinical report-writing process, hindering the reliability and clinical
applicability of these systems. Therefore, to further promote the adoption
of AI-aided systems in FFA interpretation, it is crucial to validate the
clinical efficacy (CE) of generated reports and the association between the
assistance from the FFA captioning algorithm and improved efficiency in
FFA report drafting8.

To address these pressing clinical needs, we established the Inter-
preFFA system, a diagnosis-supervised contrastive learning framework
designed for FFA report generation. By comprehensively studying the
impact of interpreFFA on the report drafting process using our proposed
evaluationpipeline,we aim to validate InterpreFFAas a promising and cost-
effective tool for enhancing the quality of ophthalmic reporting and sup-
porting clinical decision-making, thereby facilitating the clinical adoption of
generative AI models.

Results
We retrospectively collected and included 20052FFA images and 1833 real-
world reports under seven different eye conditions from three data sources:
the Second Affiliated Hospital Zhejiang University School of Medicine
(ZJU2, internal dataset), Taizhou First People’s Hospital and the Second
Affiliated Hospital of Xi’an Jiaotong University (TZ and XJU2, external
datasets). The detailed population characteristics and distribution of find-
ings from the used datasets are shown inTable 1. Theworkflowof the entire
study is illustrated in Fig. 1. Firstly, we did the automatic evaluation by
comparing InterpreFFA against existing models to validate InterpreFFA’s
satisfactory performance in generating FFA reports. Secondly, clinical
effectiveness evaluationwas conducted by inviting two residents to diagnose
FFAcases in the test set anddrafted reportswith/without the assistance from
InterpreFFA. We found that AI-aided FFA interpretation can effectively
improve the junior ophthalmologists’ diagnostic accuracy and shorten the
reporting time. Thirdly, the ophthalmologists’ ratings indicated an
improvement in the quality of FFA reports with the assistance of Inter-
preFFA, validating the promising ancillary role of our model.

Automatic evaluation
By incorporating a novel diagnosis-supervised contrastive loss to generate
more clinically accurate reports, InterpreFFA outperformed the other three
baselinemodels andprevious studies and achieved satisfactory performance
in terms of both NLG metrics and CE metrics. The detailed performance
was demonstrated in Table 2. The NLG metrics indicated a high literal
similarity between AI-generated reports of InterpreFFA and real-world
reports. The CEmetrics demonstrated the InterpreFFA’s ability to interpret
FFA images, correctly generating key ophthalmic findings in FFA reports
with statuses of presence or absence. InterpreFFA excels in identifying key
ophthalmic findings, especially in categories of “Normal”, “Aneurysm”, and
“Occlusion” (AUC = 0.959, 0.890, and 0.886, respectively). The specific CE
metrics of nine ophthalmic findings were demonstrated in Supplementary
Table 1. To validate the generalization ability of InterpreFFA, we conducted
the report generation test in two external datasets. According to NLG and

Table 1 | Population metrics of the study cohort and distribution of the findings

Items ZJU2 Dataset TZ Dataset XJU2 Dataset Total

Training set Validation set Test set External test set 1 External test set 2

Patients, n 637 266 261 126 149 1439

Images, n 8781 2943 2960 3078 2290 20,052

Reports, n 871 292 290 173 207 1833

Age, mean (SD) 55.6 (13.1) 57.0 (13.2) 55.9 (13.7) 55.0 (10.8) 58.5 (11.8) 56.2 (12.9)

Gender, n (%)

Male 388 (60.9) 146 (54.9) 123 (47.1) 60 (47.6) 91 (61.1) 788 (54.8)

Female 269 (39.1) 120 (45.1) 138 (52.9) 66 (52.4) 58 (38.9) 651 (45.2)

Eye, n (%)

OS 419 (48.1) 145 (49.7) 150 (51.7) 81 (46.8) 104 (50.2) 899 (49.0)

OD 452 (51.9) 147 (50.3) 140 (48.3) 92 (53.2) 103 (49.8) 934 (51.0)

Report length, mean (SD) 38.9 (15.4) 39.1 (15.5) 39.6 (15.0) 32.6 (12.3) 31.0 (13.5) 37.6 (15.2)

Diagnosis, n (%)

Normal 75 (8.6) 24 (8.2) 18 (6.2) 7 (4.0) 21 (10.1) 145 (7.9)

DR 423 (48.6) 142 (48.6) 147 (50.7) 97 (56.1) 99 (47.8) 908 (49.5)

AMD 125 (14.4) 49 (16.8) 47 (16.2) 16 (9.2) 33 (15.9) 270 (14.7)

BRVO 82 (9.4) 28 (9.6) 33 (11.4) 22 (12.7) 21 (10.1) 186 (10.1)

CRVO 83 (9.5) 25 (8.6) 24 (8.3) 18 (10.4) 20 (9.7) 170 (9.3)

CSC 60 (6.9) 19 (6.5) 14 (4.8) 13 (7.5) 13 (6.3) 119 (6.5)

VKH 23 (2.6) 5 (1.7) 7 (2.4) 0 (0) 0 (0) 35 (1.9)

DR diabetic retinopathy, AMD age-related macular degeneration, BRVO branch retinal vein occlusion, CRVO central retinal vein occlusion, CSC central serous chorioretinopathy,
VKH Vogt–Koyamagi–Harada.
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CE metrics, InterpreFFA demonstrated comparable and satisfactory per-
formance (see Supplementary Fig. 1).

Evaluation of clinical effectiveness
For the total 290 FFA cases in the test set of ZJU2, two residents wrote or
modified FFA reports and diagnosed diseases using the report drafting and

diagnosis tool (Supplementary Fig. 2). The difference between the normal
template-aided mode and AI-aided is whether residents are assisted by the
reports generated by InterpreFFA. The diagnostic accuracy for each type of
disease is illustrated in Table 3. It is noteworthy that diagnostic accuracy of
all types of conditions except Vogt–Koyamagi–Harada (VKH) achieved
statistically significant improvements (P < 0.05) when readers wrote reports

NLG metrics CE metrics
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Clinical Effectiveness Evaluation Report Drafting  and Diagnostic Test Evaluation by Ophthalmologists
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Fig. 1 | Theworkflow of this study.This study includes fourmajor parts: I. Dataset establishment; II. Model development; III. Automatic evaluation; IV. Clinical evaluation.
NLG natural language generation, CE clinical efficacy.

Table 2 | Performance of our model and the other six NLG models in the ZJU2 test set

A

NLG metrics InterpreFFA R2Gen29 R2GenRL32 M2KT22 FFA-GPT17 FFA-IR15 CGT16

BLEU1 0.549 0.538 0.479 0.547 0.480 0.443 0.456

BLEU2 0.443 0.427 0.361 0.433 0.420 0.355 0.363

BLEU3 0.373 0.355 0.282 0.362 0.380 0.288 0.295

BLEU4 0.321 0.302 0.227 0.309 0.340 0.240 0.243

METEOR 0.342 0.333 0.293 0.336 N/A 0.205 0.227

ROUGE-L 0.540 0.533 0.462 0.514 0.360 0.341 0.345

B

CE metrics InterpreFFA R2Gen R2GenRL M2KT

Sensitivity 0.826 0.793 0.707 0.842

Specificity 0.837 0.828 0.857 0.790

F1-score 0.790 0.764 0.728 0.771

AUC 0.831 0.810 0.782 0.816

The highest value of each metric is bolded.
The results of FFA-GPT, FFA-IR, and CGT were directly cited from their respective papers due to the unavailability of their code.
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with the AI-aided mode. The proportion of VKH (35 cases in total) is the
lowest across thewhole dataset, whichmay lead to the underfitting problem.
Consequently, the corresponding low-quality AI-generated reports may
mislead the residents’ diagnosis, as the sensitivity dropped to 14.29% from
71.43% when readers used the AI-aided mode. For example, in one VKH
case, the AI-generated report misclassified the presence of choroidal
thickening as retinal edema, leading the readers to incorrectly diagnose
central serous chorioretinopathy (CSC) instead of VKH. This highlights the
potential risks of relying on AI-generated reports in cases of rare diseases.

The reporting time of each FFA case was recorded when the reader
finished and pressed the “submit” button on the website.We calculated and
compared the average reporting time of all cases when using the twomodes.
There was a significant reduction in the average reporting time in the AI-
aided mode compared to the normal template-aided mode (mean ± SD
seconds, 108.08 ± 19.29 vs 153.93 ± 14.67, p < 0.001). The abovementioned
results indicated that AI-aided FFA captioning can effectively improve the
junior ophthalmologists’ diagnostic accuracy and shorten the report-
ing time.

Evaluation by ophthalmologists
To further evaluate the quality and clinical accuracy of reports, we invited 6
certified ophthalmologists to rate three types of FFA reports (only AI,
normal template-aided andAI-aided reports) based on the five-point Likert
scale (see Supplementary Table 2). To examine the within-report-type
rating consistency, every report was rated by two physicians and KendallW
for each report type was calculated. KendallW values for only AI reports,
normal template-aided reports and AI-aided reports were 0.628, 0.514, and
0.628, respectively, indicating the moderate consistency within each report
type. The averages of each expert’s scores are listed in Table 4. In general,
there is still a gap between the AI-generated FFA reports and real-world
reports, as average scores of only AI reports (4.12 ± 1.29) are significantly
lower than normal template-aided reports (4.38 ± 1.09, P < 0.01) and AI-
aided reports (4.46 ± 0.99,P < 0.001). Every rater gave their highest scores to
AI-aided reports, indicating that the prior information provided by AI-
generated reports is consistent with the findings of residents and associated
with improved efficiency in FFA report drafting (Fig. 2 and Table 4).
However, statistically significant improvements in the AI-aided group
compared to the normal templated-aided group are not seen (Fig. 3). The
rating distribution by report types and scores showed that in the AI-aided
group, a larger proportion of reports received ratings of 4 and 5 than the
other two groupswhile the onlyAI group had the highest number of reports
rated 3 or lower (Fig. 2 and Supplementary Fig. 3). Additionally, we found
that 8.3% of AI-generated reports (rated as 1) need to be completely dis-
carded. 13.1% of AI-generated reports (rated as 2 or 3) require major cor-
rections and 20.9% (rated as 4) were accepted with minimal edits.

For each report rated 3 or lower, reviewers needed to complete a
multiple-choice form todescribe the discrepantfindings.Of the 281 (16.1%)
records rated 3 or lower, 238 (84.7%) were errors in critical findings iden-
tification, 23 (8.2%) were errors in critical findings assessment, 80 (28.5%)
were errors in non-critical findings identification, 20 (7.1%) were errors inT
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Table 4 | The mean scores of the three types of reports

Raters Mean score ± SD P value

Only AI Normal template-aided AI-aided

1 4.44 ± 1.00 4.54 ± 0.96 4.68 ± 0.75 >0.05

2 4.07 ± 1.28 4.41 ± 1.11 4.44 ± 1.00 <0.05

3 4.28 ± 1.29 4.47 ± 0.86 4.50 ± 0.90 >0.05

4 4.04 ± 1.32 4.40 ± 1.05 4.44 ± 0.98 <0.05

5 3.96 ± 1.32 4.24 ± 1.30 4.34 ± 1.08 <0.05

6 3.91 ± 1.48 4.26 ± 1.23 4.36 ± 1.20 <0.05

Total 4.12 ± 1.29 4.38 ± 1.09 4.46 ± 0.99 <0.001

P value of Likert scores between different report types: ANOVA.
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Fig. 2 | Rating distribution based on the five-point Likert scale. a Rating distribution proportion per score; b Rating distribution per report type.

Fig. 3 | The scores of three types of reports. Data
presented as mean ± SD, ns means no significant
difference, *p < 0.05, **p < 0.01, and ***p < 0.001.
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non-critical findings assessment, 41 (14.6%) were errors in non-critical
findings omission (Supplementary Fig. 3). All types of errors were least-
occurred in AI-aided reports.

Discussion
In this study, we developed a diagnosis-supervised contrastive learning
framework for FFA report generation, which outperformed three baseline
models and previous studies in both NLG and CE metrics. The general-
ization ability of the InterpreFFA model was validated in multi-center
datasets. Moreover, we invited two residents to write FFA reports with the
assistance of AI-generated reports. To study the impact of AI on reader
performance, we recorded key metrics such as diagnostic accuracy and the
time required for report generation by residents when utilizing the AI-
assisted mode. To further investigate the quality of generated reports, we
collected and analyzed physician ratings of the reports based on a five-point
Likert scale, focusing on accuracy, clarity and clinical relevance. Addition-
ally, the errors in low-quality reports were analyzed. This study highlighted
the potential of generative AI as a direct aid in the clinical report-writing
process and filled the current gap of no valid clinical evaluation system for
FFA report generation tasks.

Previous studies have reported the classification and segmentation
approaches to diagnose fundus diseases and detect lesions18–20. Currently,
the development of LLMs expanded the application of generative AI for
medical report generation21–23. Compared to the traditional classification
model, generative techniques provide more clinically relevant information,
such as lesion location, quantity, shape, and severity. For example, vessel
occlusion involving the macula area can significantly influence the clinical
management and treatment plan for conditions such as BRVO. There have
been several advances in the automatic generation of FFA reports. Li et al.
and Lin et al. proposed their cross-modal clinical graph transformermodels
and contrastive pre-training methods for improving the performance in
FFA report generation tasks16,24. Chen et al. introduced a pipeline that
combines multi-modal transformers and an LLM-based question-answer
module to enhance FFA and ICGA report interpretation17,25. These studies
improved the quality of generated reports based on traditionalNLGmetrics
and classification metrics and used LLMs to further explain reports to
address patients’ questions. However, automatic report generation is cur-
rently recognized as a supplementary tool for physicians, as its clinical utility
requires further validation. To facilitate clinical adoption, it is essential to
assess the real-world impact of this tool on the report-writing process.

To our knowledge, this is the first study to comprehensively evaluate
the ancillary ability of AI-generated FFA reports in a simulated clinical
setting. By using the report drafting anddiagnosis tool, a dramatic reduction
in average reporting time and significant improvements in the diagnostic
accuracy of most diseases can be seen at the same time when residents used
the AI-aided mode with InterpreFFA (Table 3). Moreover, the improve-
ments in sensitivity were not accompanied by large fluctuations in corre-
sponding specificity, indicating that residents can selectively benefit from
the true-positive findings present in theAI-generated reports based on their
expertise. The moderate interrater agreement observed across the three
report types suggests that while some uncertainties remain in the report
presentation, the ratings were consistent enough to warrant further inves-
tigation. In fact, studies have reported similar or lower interrater agreement
in other imaging methods10,26. There was still a quality gap between AI-
generated FFA reports andmanually generated/modified reports according
to the ratings (Fig. 2). Despite their relatively lower quality, only AI reports
were shown to modestly enhance resident reports, potentially increasing
their sensitivity in detecting certain pathologies (Tables 3, 4). We selected
three cases in Fig. 4. For example, in case 1, residents did not document
macular involvement when using the normal template-aided mode, which
may affect the management of BRVO. But after being alerted by Inter-
preFFA, residents added thedescriptionandgeneratedaperfectly consistent
report with the real-world report (Fig. 4a). In case 2, we speculated that
residents misrecognized the leakage of microaneurysm in the late phase as
neovascularization, which is the symbol of proliferative DR. InterpreFFA

helped correct the description and prevented the potential misdiagnosis
(Fig. 4b). In case 3, InterpreFFA provided amisleading report. However, we
found that residents entirely discarded theAI-generatedreport andwrote an
relatively accurate report instead, which indicates that obvious misleading
results from InterpreFFA won’t seriously affect physician judgment due to
the clinical expertise (Fig. 4c). The rating results were not significantly
improved by comparingAI-aided group to normal template-aided group in
this study, which is reasonable because residents have received clinical
training andare expected towrite relatively accurate reports for our included
diseases whichhave specific pathologicmanifestations on FFA examination
(Fig. 3). Therefore, there is nomuch room for AI to improve when it comes
to report quality. However, we are delighted to see the slight improvements
in the average scores. Together with the improvements in reporting time
and diagnostic accuracy, our proposed InterpreFFA model still offers high
cost-effectiveness given the tremendous reporting volume and the shortage
of ophthalmologists in real-world clinical settings27,28.

Besides the aforementioned results, this study demonstrated several
additional advantages. First, we emulate the decision-making process of
ophthalmologists by presenting a diagnosis-supervised contrastive learning
framework for generating FFA reports. Our InterpreFFA model could lead
to better results on both NLG and CE metrics than previous methods.
Second, FFA images and reports involved in this study were collected from
three hospitals in different regions of China. These hospitals differ in the
retina angiograph, imaging techniques, report-writing habits, data storage
methods, and disease distributions. The multi-center validation results
further mitigated concerns about overfitting, providing evidence of our
model’s satisfactory generalization ability in generating FFA reports. Third,
our evaluation system incorporated traditional NLGmetrics, classification-
based CE metrics and clinical quality evaluations. Although it only takes
seconds for a pretrained model to generate an FFA report, the compre-
hensive evaluation of its performance and clinical applicability is the key
step for translating this technology from research to practice.

There are several limitations in our study. First, only limited types of
eye conditions were included in the datasets, and the diseases in the datasets
were unbalanced. The reduction in diagnostic accuracy of VKH indicated
that unbalanced data might affect the quality of generated reports, and
sparse data fromrare diseases canbe a serious issue for clinical applicationof
all image-to-text models. Second, although InterpreFFA outperforms other
methods on both NLG and CE metrics, the quality of generated reports by
our models needs improvement to match that of ophthalmologists. The
results of the clinical evaluation indicated that traditional NLGmetrics and
CE metrics are insufficient to reflect the true quality of reports. Further
studies should focus on enhancing report quality by incorporating clinical
evaluation metrics that are more closely aligned with ophthalmologists’
standards. Third, although moderate interrater agreement was obtained in
this study, there is still some discrepancy in ratings on the 5-point Likert
scale. A more specific and standardized rubric for ratings is necessary to
reduce discrepancies and improve the reliability of assessments. Third,
although we invited human experts to rate AI-generated reports, we didn’t
know exactly how residents deal with these reports (e.g., for AI-generated
reports with slight errors, one resident may prefer to delete them and
rewrite, while another resident may only modify the wrong part, and both
practices are acceptable). In other words, the way AI assists physicians
cannot be quantitatively compared in this study. Lastly, all real-world
reports involved in this study were written in Chinese. In fact, smooth
translation in input and output languages can be achieved with minor
adjustments to our InterpreFFA model, which is a part of our ongoing
research to validate its generalization ability across languages.

In conclusion, we presented a diagnosis-supervised contrastive learn-
ing framework designed to emulate ophthalmologists’ decision-making
process in FFA report generation. The robust performance and general-
ization ability were validated in our multi-center datasets in terms of NLG
and CE metrics. In a simulated clinical setting, these AI-generated reports
improved residents’ diagnostic accuracy and quality of report while sig-
nificantly shortening the average reporting time. However, hallucinated
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facts or logic are also observed in rare diseases, which may lead to incorrect
diagnosis and need further evaluation. This study introduced a compre-
hensive evaluation pipeline to assess the effectiveness of AI models in the
real-world FFA report-writing process and demonstrated that our model
served as a promising and efficient ancillary tool for improving ophthal-
mologists’ clinical efficiency.

Methods
As illustrated in Fig. 1, this study mainly consists of four parts: (i) we
collected and screened FFA cases for dataset establishment; (ii) our gen-
erative artificial intelligence model InterpreFFA was developed for FFA
report generation; (iii) we evaluated InterpreFFA’s performance against
baseline models and previous studies in terms of NLG and CEmetrics; (iiii)

Fig. 4 | Illustrations of the real-world, only AI,
normal template-aided, AI-aided reports from
3 cases. a one BRVO case, b one DR case, and c one
AMD case. BRVO branch retinal vein occlusion, DR
diabetic retinopathy.
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two residents were invited to diagnose and interpret FFA cases with the
assistance from InterpreFFA, their diagnostic accuracy and reporting time
were calculated for assessing the clinical effectiveness and six ophthalmol-
ogists rated the generated reports for assessing the quality from the clinical
perspective.

Dataset establishment
This study used data from three sources: ZJU2 (14684 images and 1453
reports), TZ (3078 images and173 reports), andXJU2 (2290 images and207
reports). This study was performed in accordance with the Declaration of
Helsinki, and the protocol was obtained from the Ethics Committee of the
Second Affiliated Hospital, Zhejiang University School of Medicine (No.
Y2023-1073). All patient data were anonymized. The internal datasets
consist of FFA cases at ZJU2 fromAugust 2016 toDecember 2023 andwere
further divided into training, validation and test sets in a ratio of 3:1:1.

The inclusion criteria for FFA cases were adult patients regardless of
gender, eye laterality, and the presence of 1 of the 7 eye conditions: normal,
proliferative/non-proliferative diabetic retinopathy (DR), wet/dry age-
related macular degeneration (AMD), branch retinal vein occlusion
(BRVO), central retinal vein occlusion (CRVO), central serous chorior-
etinopathy (CSC), Vogt–Koyamagi–Harada (VKH). The FFA images and
corresponding free-text reports (each report with 5 to 16 images) were
retrieved from the picture archiving and communication system (PACS).
For each FFA case, we extracted the temporal sequence of FFA images (each
report with 5 to 16 images) from the corresponding PDF reports, where the
images were arranged sequentially in a three-image-per-row format.
Temporal information of the images was preserved through their file
naming. The internal FFA images (JPEG format) were all performed using
the tabletop systemsHRA-II at 30° (Heidelberg,Germany)witha resolution
of 768 × 768 pixels. In contrast, the external FFA images were performed
using various systems, resulting in different formats and resolutions. Due to
the variability in time points and retinal regions captured in FFA images,
significant differences may be observed even between multiple examina-
tions of the same patient. Therefore, in this study, all diagnosable FFA
examinationswere included. After excluding cases with FFA images of poor
quality (images with significant blur issues, high noise quality caused by
either pathological or technical issues) or those lacking corresponding free-
text reports, two third-year residents (A.S. andW.S.) reviewed the included
reports of cases to correct the misspelling and modify/exclude reports with
incomplete information under the supervision of an experienced senior
ophthalmologist (K.J.).

Model development
We implemented a diagnosis-supervised contrastive learning framework
for FFA report generation, named InterpreFFA (Supplementary Fig. 4). The
InterpreFFA leveraged amemory-drivenTransformer, known as R2Gen, as
the backbone,where the relationalmemorywasused to capture information
from previous generation processes and a novel layer normalization
mechanism was designed to incorporate the memory into the transformer.
Notably, R2Gen, one of themostwidely used state-of-the-artmedical report
generation models, demonstrated an exceptional ability to generate long
reports with essential medical terms and meaningful image-text attention
mappings29.

To generate more clinically accurate text outputs, we propose a novel
diagnosis-supervised contrastive loss to R2Gen for FFA report generation.
For each FFA case, the extracted images were sequentially arranged by rows
to form a large n × 3 input image, replicating the layout of the original PDF
report while preserving their temporal order. If the number of images was
insufficient, we supplemented it with one or two repeated images from the
subsequent captures, where n represents the total number of merged FFA
images. Therefore, the input image encompasses all diagnosable FFA ima-
ges, capturing changes in various retinal regions over time, which enables
the model to analyze these temporal changes in the retinal regions.

For the FFA images from each case, we employed the ResNet101
pretrained on ImageNet-1k at resolution 224 × 224 as the visual extractor to

extract patch features with a dimension of 204830,31. These patch features
were then input into the memory-driven transformer, which comprised an
encoder and decoder, each consisting of three layers, eight attention heads,
and 512 hidden units, along with relational memory module extensions in
the decoder. During the training process, InterpreFFA was trained by
minimizing the loss function consisting of two types of losses, which can be
displayed as follows:

Loss ¼ 1� αð Þ � LCE þ α � LCL ð1Þ

In Eq. 1, Loss denotes the overall loss of the InterpreFFA model, while LCE
and LCL indicate the standard cross-entropy loss used for report generation
and a diagnosis-supervised contrastive loss we proposed, respectively. α is a
weight parameter that is employed to balance the two losses. The loss
function LCL enhances the model by maximizing the cosine similarity
between pairs of source images and target sequences, while minimizing the
cosine similarity between negative pairs. FFA cases with the same disease
label were treated as semantically close, guiding the diagnosis-supervised
contrastive learning process during training.

We also compared the InterpreFFA model with 3 baseline medical
report generationmodels, includingR2Gen,R2GenRL, andM2KT22,29,32. All
themodelswere trainedwith oneNvidiaGeForceRTX3090on the backend
framework of PyTorch, using Adam optimizer with initial learning rates of
5e-5 for the visual extractor and 1e-4 for other parameters. The learning rate
was decayed by a factor of 0.8 per epoch. The weight α for the diagnosis-
supervised contrastive loss was set at 0.2.

Automatic evaluation of InterpreFFA
The performance of the four aforementioned models was automatically
evaluated using NLG metrics and CEmetrics on the ZJU2 test set and two
external test datasets. The NLGmetrics from the other three models (FFA-
GPT, FFA-IR, andCGT)were directly cited from their published papers for
comparison. The NLG metrics include Bilingual Evaluation Understudy
(BLEU), Metric for Evaluation of Translation with Explicit Ordering
(METEOR), and (Recall-Oriented Understudy for Gisting Evaluation-
Longest common subsequence) ROUGE-L33–35. BLEU is widely used to
evaluate machine translation quality by comparing generated texts with
reference texts. It measures the overlap of n-grams (sequences of n words)
between the two. In this study, we calculated BLEU1, BLEU2, BLEU3, and
BLEU4 as evaluation metrics. METEOR enhances BLEU by considering
synonyms and paraphrases, allowing for a more flexible evaluation of
generated FFA reports. ROUGE-L emphasizes recall and assesses how well
the generated text captures the main ideas of the reference, making it par-
ticularly useful for evaluating coherent descriptions of complex clinical
information.

We innovatively constructed a keyword dictionary that contains key
ophthalmicfindings and termsmentioned in the free-text report, alongwith
their synonyms based on ophthalmic knowledge. This dictionary enables
the automatic identification and standardization of nine types of patholo-
gical terminology in the free-text reports. Notably, the presence of positive
and negative expressions was also considered. The classification-based CE
metrics were calculated by comparing the statuses of presence or absence
between real-world and AI-generated reports. Therefore, unlike NLG
metrics, which emphasize the literal similarity between AI-generated
reports and real-world reports, potentially influenced by non-informative
phrasing, CE metrics focus more on the proximity of clinical contents. The
detailed information about the knowledge-based dictionary is in Supple-
mentary Table 3. Sensitivity, specificity, AUC, and F1-score were used to
assess model performance for these CE metrics.

Report drafting and diagnostic test
We built an online FFA report drafting and diagnosis tool. The tool mimics
viewer functionalities of the real-world PACS, including image switching,
zooming, labeling, measurement, and contrast adjustments without dis-
playing other information about the patients. Besides, in theAI-aidedmode,
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anAI-generated report appearedwhen viewers read the corresponding FFA
images. To draft a report, viewers can copy, modify or give up the AI-
generated report according to their own observations and knowledge. In the
normal template-aided mode, template reports corresponding to the nine
conditions are displayed for reference. Afterward, viewers can select one of
the eye conditions as a diagnosis. In addition, the tool enables the recording
of diagnosis and reporting time. Supplementary Fig. 1 illustrates the dif-
ferent display modes.

Clinical effectiveness evaluation
Two first-year residents from ZJU2, who were unaware of the study
hypothesis and not involved in the data collection, participated in the study
as independent and blinded readers. For each included FFA case, each
participant only diagnosed and reported once, either with assistance from
AI-generated reports or using normal templates (e.g., if one resident diag-
nosed a FFA case with the assistance of AI, the other resident diagnosed the
same case using the corresponding normal template). To avoid complica-
tions associated with mixed captions of alternate FFA cases with and
without AI-generated reports and assure that two participants receive the
same amounts ofAI-assisted cases, we did not randomly assign the 290 FFA
cases in the internal test set to two participants but divided them into five
sessions. Each sessionhad a consecutive set of 29 caseswithoutAI assistance
and equal amounts of cases with AI assistance. Before each session, parti-
cipantswill review ten separate FFAcases,whichwerenot part of the test set,
to get familiar with the reporting and diagnosis tasks. Participants were
asked to finish one session in a week. After finishing all the sessions, we
evaluated the clinical effectiveness based on the summarized diagnostic
accuracy and average time costs.

Clinical evaluation by ophthalmologists
Six board-certified ophthalmologists participated as the raters. For each of
the 290 FFA cases, AI-generated reports (OnlyAI group), normal template-
aided reports and AI-aided resident-generated reports were included for
rating. A five-point Likert scale was used to demonstrate the degree of
agreement or disagreement from raters, that is, the report quality and
clinical efficacy. Raters decided the score based on the identification and
assessment of the critical and non-critical findings that appeared in the
reports. The detailed standard of the Likert scale in this study is shown in
Supplementary Table 2. Each rater had access to the ground truth diagnosis
of cases and corresponding FFA images but was blinded to the report type
information. Each ophthalmologist rated all 290 cases (each case with a
single report type) once in an individually randomized order so that each
case received two ratings per report type. Besides, for cases rated 3 or lower,
raters were instructed to complete a multiple-choice form to describe
the reason. The choices include errors in the identification/assessment of
critical/non-critical findings and the omission of non-critical findings
(Supplementary Fig. 3).

Statistical analysis
The comparison of clinical efficacy between normal templated-aided
reports and AI-aided reports was evaluated by diagnostic accuracy, sensi-
tivity, specificity, F1-score, AUC, and report-writing time across all diseases
and within disease subgroups. The Wilson score interval method was used
to calculate the confidence intervals (CI) for these diagnostic metrics.
McNemar’s test was used to evaluate per-disease diagnostic performance,
while Bowker’s Test of Symmetry was conducted to assess the overall
diagnostic performance. Additionally, two-sample t-tests were applied to
compare report-writing times. For Likert score ratings, Kendall W was
calculated for each report type, adjusting for tied rankings, to examine
within-report-type rating concordance. Likert scores for three types of
reports were described as means and standard deviations (SD). ANOVA
was performed to test for significant differences in Likert scores between
different report types, and post hoc analyses with Tukey’s honest significant
difference test were conducted when ANOVA indicated significance, to
identify specific differences between report types. All statistical tests were

two-sided, withp values less than 0.05 considered statistically significant. All
statistical analyses were conducted using R software (version 4.2.1).

Data availability
The datasets used and analysed during the current study are available from
the corresponding author on reasonable request.

Code availability
The code is available at https://github.com/liuxc20/InterpreFFA.
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