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The accurate and timely diagnosis of inherited retinal diseases (IRDs) represents
anunmet clinical need in ophthalmology, as the current pathways rely on
resource-intensive phenotyping, multidisciplinary expertise and genetic
testing. Here we developed Retina4IRD, an artificial intelligence (Al)-based
clinician decision support system (CDSS) that predicts 17 genotype categories
fromretinaimages. Retina4IRD uses a Vision Transformer model pretrained
with RETFound. We then trained and validated Retina4IRD using multimodal
datawith color fundus photographs and optical coherence tomography scans
from 1,843 genetically confirmed patients (3,376 eyes) across China, South Korea
and Poland. The top-5 prediction accuracy was 0.904 (95% confidence interval
(CI): 0.896-0.912) and 0.856 (95% CI: 0.850-0.863) for internal and external
validation, respectively. We conducted arandomized controlled trial with 300
participants with suspected IRD randomized 1:1to either Retina4IRD-assisted
specialistarm or specialist-only arm. Of these, 295 participants (median age
33 years, 114 (38.6%) females) with available next-generation sequencing reports
wereincludedinthe final analysis. The primary outcome was met: top-5 genetic
accuracy was significantly higher in the Retina4IRD-assisted specialist arm
versus the specialist-only arm (88.5% versus 67.3%, P < 0.001). For secondary
endpoints, top-1to top-4 accuracies all favored the Retina4IRD-assisted
specialist arm, with top-1accuracy of 37.8% versus 22.4% and top-4 accuracy of
81.8% versus 53.1%, respectively. Post hoc analyses demonstrated that, with
Retina4IRD assistance, clinicians made better management decisions, and the
composite downstream management score indicated significantly higher scores
relative to the control group (37.7 versus 28.5, P< 0.001). Our study shows that
Retina4IRDis a CDSS tool prior to genetic testing and aligns with clinical workflow
for patients with suspected IRDs. ClinicalTrials.gov identifier: NCT06839170.
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Inherited retinal diseases (IRDs), primarily caused by monogenic muta-
tions, are a leading cause of blindness in children and working-age
individuals'. Although individually rare, they collectively affect more
than 5 million people worldwide?*. To date, more than 300 nuclear and
mitochondrial genes have been associated with IRDs*. Precise genetic
diagnosisis the critical first step for targeted treatment selection, prog-
nostic outcomes evaluation and genetic counseling.

However, the diagnostic paradigms for IRDs face major chal-
lenges due to their heavy reliance on resource-intensive approaches,
often requiring multidisciplinary teams in specialized centers and
the integration of comprehensive ophthalmic evaluations, including
next-generation sequencing (NGS), familial segregation analysisand, in
some cases, even functional validation®. This complex workflow results
in prolonged diagnostic timelines, high cost and limited accessibil-
ity, leaving over 40% of patients with IRDs without definitive genetic
diagnoses®®. These challenges are exacerbated by the global shortage
of eye specialists skilled in interpreting genetic retinal disorders, par-
ticularly in resource-limited settings where misdiagnosis or diagnostic
delays often exceed 5 years™. Such delays may cause potentially treatable
patients to miss critical therapeutic windows for advanced treatments,
particularly groundbreaking therapies such as gene therapies’ . Addi-
tionally, underdiagnosis canalsolead to missed opportunities for clinical
trial enrollment and hinder efficientidentification of target populations,
potentially discouraging pharmaceutical investment in gene therapy
development. Moreover, patients frequently experience changes in
their diagnosis as they consult multiple clinicians over time, creating an
urgent need for more accessible and cost-effective diagnostic solutions.

Although artificial intelligence (Al) has revolutionized retinal
disease screening'> ", the application of Al for IRD screening and geno-
type prediction remains largely underdeveloped despite preliminary
investigations'*™’. When introduced, the most advanced Al system
to date, Eye2Gene, represented a transformative leap forward, with
83.9% top-5accuracy in genetic prediction”. Nevertheless, at present,
there are limitations that may constrainits broader clinical utility. First,
Eye2Geneisreliant onimaging acquired by the Heidelberg Spectralis,
a device that is currently not commonly available in primary care or
nonspecialized medical institutions, thereby restrictingimplementa-
tioninresource-limited settings. Using more widely available fundus
imaging datafor prediction may representamore promising approach.
Second, the latest version of the Eye2Gene study did not include mode
ofinheritance and age at presentation, which could have enhanced the
model’s diagnostic accuracy?, although this was included in earlier
Eye2Gene work. Most crucially, there is an absence of prospective
validation throughrandomized controlled trials (RCTs) to demonstrate
itsreal-world applicability.

Toaddress these gaps, we present Retina4IRD, a novel foundation-
model-based Al system specifically designed for genotype prediction
of IRD, which emulates the clinician reasoning process through multi-
modal analysis of color fundus photography (CFP), optical coherence
tomography (OCT) and medical metadata. We used a Vision Trans-
former model pretrained with RETFound to develop Retina4IRD,
which was trained and then validated on 1,843 genetically confirmed
cases (3,376 eyes) from nine centers across China, South Korea and
Poland. Retina4IRD generates a ranked list of candidate pathogenic
genetic variants and can also generate attention heatmaps to offer
decision-making visualization. To validate its clinical efficacy, we
conducted a prospective multicenter RCT in 300 participants with
suspected IRD, comparing the Retina4IRD-assisted specialist arm
versus the specialist-only armto evaluate the diagnostic accuracy and
real-world utility of Retina4IRD as a pre-test clinician decision support
system (CDSS) prior to formal genetic testingin the clinical workflow.

Results
Anoverview of the study designis presented in Fig. 1. Thisis a two-stage
study. Stage 1is model development and evaluation, involving 5,167

images and 8,901 metadata items from 1,843 genetically confirmed
individuals (3,376 eyes) across nine centers in China, South Korea and
Poland. Stage 2 is arandomized controlled validation trial conducted
atsevencentersin Chinato evaluate the effectiveness of Retina4IRD in
real-world clinical settings. A total of 300 participants were enrolled and
randomized, of whom 295 with available NGS reports were included in
the finalanalysis of the RCT. The Retina4IRD architectureis illustrated
inFig. 2.

Table 1 summarizes the baseline characteristics across all data-
sets, with the training dataset comprising 751 patients (1,461 eyes)
and the validation and test datasets including 238 patients (453 eyes)
and 148 patients (283 eyes), respectively. External validation was per-
formed across 3independent cohorts from China (7 centers, 455 cases,
681 eyes), Poland (87 cases, 172 eyes) and South Korea (164 cases,
326 eyes), with detailed enrollment numbers by center provided in
Supplementary Table 1. The training/validation cohorts had amedian
age of 39 years (range, 0-78), whereas external cohorts showed younger
populations (Poland: median age 17 years; South Korea: median age
28 years). Male patients predominated overall (61.2%), with consist-
ently higher proportions across all datasets. The median age of disease
onset was 10 years, withamedian disease duration of 20 years. Family
history was reported in 11.5-34.4% of cases, being most prevalent in
the South Korea cohort (34.4%).

Among therapeutically actionable genotypes in our China train-
ing cohort, the most frequent affected genes included USH2A (10.5%),
CYP4V2(6.4%),ABCA4 (5.1%) and RPGR (4.0%). In the external cohorts,
the distribution of causal genes varied across countries (Table 1). In
the external China cohort (n =455), USH2A was the most frequent
gene (37,8.1%), followed by ABCA4 (23, 5.1%), CYP4V2(21,4.6%), RPE6S
(21, 4.6%) and RPGR (17,3.7%). By contrast, the Poland cohort (n = 87)
showed a different spectrum, with higher proportions of RPGR
(11,12.6%) and ABCA4(9,10.3%) and no CYP4V2 or RPE6S cases observed.
The South Korea cohort (n =164) exhibited an intermediate pattern,
with similar frequencies of ABCA4 (8,4.9%) and RPGR (8, 4.9%) and
lower frequencies of USH2A (7, 4.3%). We also present the baseline
demographic and clinical characteristics of the study participants
stratified by IRD status (IRD versus non-IRD) in Supplementary Table 2.
Supplementary Table 3 presents the distribution of multi-devices (CFP
and OCT) across training dataset, validation dataset, internal test
dataset and external test dataset.

Performance of Retina4IRD
Retina4IRD was trained using a comprehensive dataset comprising
2,243 images and 4,816 metadata item entries from 989 patients
(1,914 eyes), sourced from the National Clinical Research Center of Eye
Diseases. All patients underwent NGS to confirm pathogenic genes.
First, the model was evaluated on aninternal test set across all 17
classes using paired CFP and OCT images combined with metadata,
including negative cases, potentially curable cases that involve clini-
caltrials orapproved therapy and incurable cases without any current
clinical trials or approved therapy. Performance metrics including
patient counts, precision and recall for each class are shown alongside
the confusion matrix, and the precision exceeded 0.8 for all poten-
tially curable genotypes except RPE65 and CNGAI; detailed results
areprovidedinFig.3aand Supplementary Table 4. Second, the model
was evaluated on an external test set of 455 participants (681 eyes)
from seven centers in China across 17 classes using paired CFP and
OCT images combined with metadata, including 42 negative cases
(59 eyes), 211 potentially curable cases (312 eyes) and 202 incurable
cases (310 eyes). Precision exceeded 0.80 for 13 potentially curable
classes, excluding negative, PDE6A, PDE6B and GUCY2D; detailed
results are presented in Fig. 3b and Supplementary Table 5. The top-5
accuracy for gene classification on internal and external test data-
sets is 0.904 (95% CI: 0.896-0.912) and 0.856 (95% CI: 0.850-0.863),
respectively (Fig. 3c and Supplementary Table 6). We also present the
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Fig.1| Overall study design of the development and validation of the Retina4IRD
system. Step 1: study design of the development of the Retina4IRD system. The
system accepts fundus images, OCT images and metadata as input and generates
predictions for 15 potential treatable gene classes with available clinical trials
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multicountry evaluations of the Retina4IRD system in the external validation.

In this process, external validation datasets from nine centers across three
countries were included. Step 3: arandomized controlled validation trial carried
outinChina.

site-specific analysis of model performance for the external cohort
in Supplementary Fig. 1, and the results were consistent. Progressive
integration of metadata with CFP and OCT images showed minimal
change in top-5 accuracy, with amplitudes less than 0.01 for both
internal (Fig. 3d and Supplementary Table 7) and external (Fig. 3e and
Supplementary Table 8) test sets.

Subsequently, ablation studies were conducted to validate the
contribution of individual modalities. When combining only CFP
with metadata, precision exceeded 0.80 for 10 affected genes, with
top-5 accuracies of 0.846 (95% Cl: 0.842-0.850) and 0.782 (95% CI:
0.776-0.788) on internal and external test datasets, respectively
(Extended Data Fig. 1). While OCT-metadata combination demon-
strated enhanced performance, achieving precision exceeded 0.80
for13 affected genes and perfect accuracy (1.00) for 10 specific genes,
containing ABCA4, RPGR, RS1, PRPF31, RHO, MERTK, CHM, CNGA1,
PDE6A and GUCY2D (Extended Data Fig. 2). This configuration
yielded top-5 accuracies of 0.892 (95% CI: 0.881-0.903) internally
and 0.868 (95% ClI: 0.863-0.872) externally. The detailed results are
described in Supplementary Tables 9-13 for CFP single modality and
inSupplementary Tables 14-18 for OCT single modality, respectively.
Notably, the performance of Retina4IRD based on only images (without
clinical metadata) was also outstanding, with top-5 accuracy values of
0.845 (95% Cl: 0.841-0.848) and 0.777 (95% Cl: 0.768-0.786) for CFP
images and 0.889 (95% CI: 0.883-0.895) and 0.866 (95% Cl: 0.863~
0.870) for OCT images oninternal and external datasets, respectively.

Moreover, we calculated the model’s prediction performance
for the top-3 affected genes (USH2A, CYP4V2 and ABCA4) in both the
internal and external test sets, with almost all accuracies exceeding
0.85 (Supplementary Fig. 2 and Supplementary Tables 19 and 20). We
also validated the performance of Retina4IRD based on international

datasets fromPoland and South Korea, and the top-5accuracy remained
robust, with values of 0.825 (95% CI: 0.818-0.833) for the Poland cohort
and 0.901 (95% CI: 0.895-0.908) for the South Korea cohort (Fig. 3f
and Supplementary Table 21). Regarding disease onset and stage, the
top-5 accuracy of Retina4IRD in early-onset (age at onset no more
than 6 years/12 years), later-onset and end-stage IRD conditions was
0.795/0.821,0.880 and 0.736, respectively (Supplementary Table 22).
Regarding the multi-devices (Supplementary Table 23), Retina4IRD
achieved the highest performance on Heidelberg Spectralis (n = 513;
top-5accuracy 0.880,95% Cl: 0.873-0.887), followed by ZEISS CIRRUS
HD-OCT (n=105; top-5 accuracy 0.819, 95% CI: 0.803-0.835), with
lower performance on the ‘Other’ platforms subgroup (n = 88; top-5
accuracy 0.816, 95% CI: 0.808-0.824). Notably, Retina4IRD can also
robustly distinguish IRDs from phenotypically similar non-genetic
disorders, achieving an area under the curve (AUC) of 0.994
(Supplementary Fig. 3).

Visualization and plausibility of Retina4IRD

The attention maps derived from OCT images highlight the regions
most relevant to the model’s decision-making, which generally align
with pathological areas in clinical experience (Extended Data Fig. 3).
Furthermore, deletion and insertion results showed that removing
regions highlighted by the modelled to arapid decrease in the predic-
tion score for the ground truth class, whereas inserting these high-
lighted regions caused the prediction score to increase rapidly,
indicating that the model relies on the identified regions for its pre-
dictions (Extended Data Fig. 3). In the visualization of model embed-
dings, uniform manifold approximation and projection (UMAP)
of high-dimensional embeddings extracted from OCT scans into
two-dimensional space demonstrated overlapping distributions across
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different clinical centers. This indicates the absence of systematic bias
inthe images (Supplementary Fig.4).

RCT for the Retina4IRD system
From27 Februaryto1Jjuly 2025, atotal of 300 participants were enrolled
and randomly assigned in a 1:1 allocation ratio using a computer-
generated pseudorandom number sequence. Of these, 295 with avail-
able NGSreportswereincluded in the final analysis of the RCT, with 148
in the Retina4IRD-assisted specialist arm (Al-assisted group) and 147
in the specialist-only arm (control group). The CONSORT diagram of
the trial is presented in Fig. 4. The demographic and clinical charac-
teristics of the patients were well balanced between the two RCT groups
(Table1).

The primary endpoint was defined as top-5 genotype prediction
accuracy, which was measured as the proportion of casesinwhich the
correctgenotypewasranked amongthetop-5predictions. Thisendpoint

was met, with the Retina4IRD-assisted specialist group achieving
significantly higher accuracy than the specialist-only control group
(88.5% versus 67.3%, P< 0.001; Fig. 5). Extended Data Fig. 4 shows
that center subgroup analyses revealed consistent superiority of the
Al-assisted group, albeit with varying performance patterns: at Shanghai
General Hospital, the Al-assisted group maintained a strong advan-
tage (top-5:91.1% versus 58.7%); Beijing Tongren Hospital showed the
largest disparity in top-1 accuracy (46.2% versus 5.6%); and West
China Hospital achieved perfect top-5 accuracy in the Al-assisted
group (100%).

Forthe secondary endpoints, the Al-assisted group demonstrated
substantially higher accuracy thanthe controlgroup across alltop-1to
top-4 levels, with the most pronounced gap observed at top-1(37.8%
versus 22.4%) and a narrowing gap at top-4 (81.8% versus 53.1%).

Post hoc analyses were performed to further validate the perfor-
mance of the Al-assisted workflow. Sex subgroup analyses revealed
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Table 1| Baseline characteristics of the study population

Stage 1(N=1,843)

Stage 2 (N=295)*

Training Validation Internal test Externaltest  Externaltest  Externaltest Retina4IRD- Control
(China) (Poland) (South Korea) assisted group group

Sample size 751 238 148 455 87 164 148 147
Age, years (range) 39 (0, 78) 39(3,75) 36 (2,79) 33(2,71) 17 (2, 67) 28(1,74) 34 (3, 69) 32(2,67)
Sex, n (%)
Males 470 (62.6) 147 (61.8) 88 (59.5) 280 (61.5) 48(55.2) 94 (57.3) 99 (66.9) 82(55.8)
Females 281(37.4) 91(38.2) 60 (40.5) 175 (38.5) 39 (44.8) 70 (42.7) 49 (33.) 65 (44.2)
Age onset of disease, 14 (0O, 69) 14 (0, 63) 9(0,70) 7(0, 61) 6(0,52) 8(0, 67) 8(0,51) 7(0, 52)
years (range)
Duration of disease, 24 (0, 68) 22(0,59) 23 (0, 71) 16 (0, 71) 7(0,57) 14 (0, 59) 21(0, 56) 15(0, 57)
years (range)
Family history, n (%)
No 642 (88.4) 208 (88.5) 124 (87.3) 359 (80.0) 65 (74.7) 107 (65.6) 17(792) 120 (81.6)
Yes 84 (11.6) 27 (11.5) 18 (12.7) 90 (20.0) 22(25.3) 56 (34.4) 31(20.9) 27(18.4)
Gene type, n (%)
USH2A 79 (10.5) 27 (1.3) 20 (13.5) 37(8.1) 9(10.3) 7(4.3) 16 (10.8) 12(8.2)
CYP4Vv2 48 (6.4) 15 (6.3) 9(6.1) 21(4.6) 0(0.0) 2(1.2) 7(4.7) 8(5.4)
ABCA4 38(5.) 12 (5.0) 8(5.4) 23 (51) 9(10.3) 8(4.9) 9(61) 9(6.)
RPGR 30(4.0) 9(3.8) 5(3.4) 17(3.7) 11(12.6) 8(4.9) 12(8.1) 4(2.7)
RPE65 20(27) 8(3.4) 6(4.) 21(4.6) 0(0.0) 3(1.8) 6(4.7) 4(27)
RS1 21(2.8) 6(2.5) 2(1.4) 15(3.3) 2(2.3) 1(0.6) 3(2.0) 6(4.1)
PRPF31 13(1.7) 4(17) 3(2.0) 10 (2.2) 2(2.3) 0(0.0) 1(0.7) 0(0.0)
RHO 14(1.9) 5(2.1) 6(4.) 13(2.9) 1011 4(2.4) 5(3.4) 6(4.)
RDH12 10(1.3) 3(1.3) 2(1.4) 9(2.0) 0(0.0) 0(0.0) 1(0.7) 1(0.7)
MERTK 11(1.5) 4(1.7) 2(1.4) 7(1.5) 1010) 0(0.0) 2(1.4) 2(1.4)
CHM 4(0.5) 2(0.8) 3(2.0) 13(2.9) 0(0.0) 6(37) 4(2.7) 4(27)
CNGA1 10 (1.3) 2(0.8) 2(1.4) 10(2.2) 1017) 2(1.2) 4(2.7) 3(2.0)
PDE6B 8(1) 3(1.3) 2(1.4) 5(1.1) 3(3.4) 3(1.8) 1(0.7) 2(1.4)
PDEGA 9(1.2) 3(1.3) 1(0.7) 5(1.1) 0(0.0) 0(0.0) 3(2.0) 3(2.0)
GUCY2D 4(0.5) 2(0.8) 1(0.7) 5(1.1) 0(0.0) 2(1.2) 0(0.0) 1(0.7)
Incurable 259 (34.5) 80 (33.6) 50 (33.8) 202 (44.4) 48 (55.2) 118 (72.0) 55(37.2) 61(41.5)
Negative 173 (23.0) 53(22.3) 26 (17.6) 42(9.2) 0(0.0) 0(0.0) 19 (12.8) 21(14.3)

Baseline characteristics are described as median (range) or n (%), as appropriate. All results are reported as the number of patients. Family history: ‘No” means ‘recessive’, ‘sporadic’ or
‘unknown’; “Yes’ means ‘dominant’ or ‘X-linked'.  In stage 2, a total of 300 participants were enrolled and randomized, of whom 295 with available NGS reports were included in the final

analysis.

consistent superiority of the Al-assisted group, with higher top-N
prediction accuracy compared to the control group in both sexes
(Fig. 5). Supplementary Fig. 5 shows that, among participants with
a positive genetic report, physicians in the Retina4IRD-assisted arm
achieved a higher positive top-5 predictionaccuracy thanthoseinthe
specialist-only arm (86.8% versus 68.3%). Notably, in the Al-assisted
group, the workflow consisted of aninitial assessment by the special-
ist followed by a final confirmed result reached with Al assistance.
We observed that, without Al assistance, specialists in the Al-assisted
group performed similarly to those in the control group in terms of
top-5accuracy (68.2% versus 67.3%), whereas, after incorporating Al
assistance, these specialists achieved a significantly higher top-5accu-
racy compared to their own unassisted baseline (88.5% versus 68.2%).

In the Retina4IRD-assisted arm, we additionally evaluated the
proportion of cases in which clinicians revised their initial diagnostic
hypothesis/candidate gene list after reviewing Retina4IRD outputs;
under Retina4IRD assistance, the proportion of correct revisions
amongtop-5gene prediction was 93.6% compared to13.9% forincorrect
revisions, yielding a net decision benefit of 79.7% (Extended DataFig. 5).

Furthermore, post hoc analysis of the composite downstream man-
agement score indicated that Al assistance was associated with sig-
nificantly higher scores relative to the control group (37.7 versus 28.5,
P <0.001). The same was true across all four individual dimensions,
with mean scores of 10.0 versus 6.6, 9.6 versus 6.8, 8.9 versus 7.8 and
9.2 versus 7.3 for dimensions 1-4, respectively (Extended Data Fig. 5).
No adverse events were observed during the trial.

Discussion

The Retina4IRD CDSS system presented in this study represents a
potentially transformative advancement in the precision genotype
prediction of IRDs. Our approachintegrates CFP and OCT, two highly
accessible and relatively inexpensive retinalimaging modalities, with
clinical metadata through a transformer-based architecture. The model
was trained and then validated on a large-scale multicenter dataset
comprising 2,138 cases (3,671 eyes) with accompanying whole-exome
sequencing (WES) data. This comprehensive evaluation demonstrates
the robust capability of the Retina4IRD system to accurately differenti-
ategenetically distinct subtypes of IRDs that currently have therapeutic
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Fig. 3 | Performance of Retina4IRD based on CFP, OCT and metadata.
a, Evaluation of the model on the internal test set (n =148 cases) across 17 classes
using paired CFP and OCT images combined with metadata, including 26 negative
cases, 72 potentially curable cases and 50 incurable cases. Patient counts,
precision and recall for each class are displayed alongside the confusion matrix.
b, Evaluation of the external test set (n = 455 cases) across 17 classes using
paired CFP and OCT images combined with metadata, including 42 negative
cases, 211 potentially curable cases and 202 incurable cases. Patient counts,
precision and recall for each class are displayed alongside the confusion matrix.
¢, Top-Naccuracy (N € {3,4,5}) for gene prediction using metadata with CFP

and OCT images on the internal test set (n =148 cases) and external test set
(n=455cases). The bar represents the accuracy; the error bar represents 95% CI.
d, Top-Naccuracy (N € {3,4,5}) for gene prediction using progressive integration
of metadata with CFP and OCT images on the internal test set (n =148 cases). The
bar represents the accuracy; the error bar represents 95% Cl. e, Top-Naccuracy
(N € {3,4,5}) for gene prediction using progressive integration of metadata with
CFPand OCT images on the external test set (n = 455 cases). The bar represents
the accuracy; the error bar represents 95% CI. f, Top-Naccuracy (N € {3,4,5}) for
gene prediction on datasets from Poland (n = 87 cases) and South Korea (n =164
cases). The bar represents the accuracy; the error bar represents 95% CI.

relevance. Notably, we conducted a prospective RCT and show here
that Retina4IRD achieved a remarkable top-5 diagnostic accuracy of
88.5%, significantly surpassing the diagnostic performance of special-
ist physicians workingindependently (67.3%). Our results underscore
the substantial potential of Retina4IRD as a pre-genetic test CDSS
tool that can fit into the clinical workflow of patients with sus-
pected IRD, to assist the physicians’ decision to conduct definitive
genotype tests of suspected IRDs at both primary eyecare and even
specialist-level settings.

The diagnostic challenges inherent to IRDs exemplify what might
be termed ‘the universal predicament of rare diseases’, character-
ized by limited patient cohorts and insufficient familiarity that most
clinicians have with IRDs. Even for highly experienced specialists, the
accurate diagnosis of atypical cases frequently necessitates reliance
on comprehensive genetic testing” >, Regrettably, over one-third of
patients with IRD worldwide fail to obtain definitive diagnoses due
to prohibitive costs and protracted diagnostic timelines, resulting in
missed opportunities for gene therapy or clinical trial enroliment”*.
The Retina4IRD addresses this critical unmet need through an inno-
vative Al-powered prediction and targeted validation paradigm. By
generating a probability-ranked list of candidate pathogenic genes,

the system enables clinicians or patients to selectively validate only
the top-Nhigh-probability targets. This approach substantially reduces
unnecessary testing while lowering healthcare costs and accelerat-
ing precision treatment. Notably, Retina4IRD provides essential vis-
ualization and plausibility for decision-making through attention
heatmaps, deletion and insertion experiments and embedding space
visualization”?°, which mitigates application risks more effectively
while building clinical trust.

The current landscape of Al applications to assist genotype
diagnosis for patients with IRD remains remarkably sparse; most
studies were limited by modest sample sizes and restricted genetic
coverage'*?°*°, Among these, the Eye2Gene modelis arepresentative
Al system for IRD gene prediction to date. However, although
Eye2Gene was trained predominantly on non-Caucasian populations, it
included only 0.18% Chinese patient data. By contrast, our Retina4IRD
system was developed exclusively using Chinese datasets, represent-
ing one-fifth of the global population, thereby addressing a critical
gap in ethnic representation. Additionally, Retina4IRD represents
several key advances. First, it is built upon the Vision Transformer
architecture®” and leverages pretrained weights from the visual foun-
dationmodel RETFound, whichwas pretrained on over 0.9 million CFP
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Screening (n = 407 participants)

Excluded (n =107)
« Declined to participate (n = 88)

« Not meeting inclusion/exclusion criteria
(n=19)

Randomization in patient level
n =300 participants

1:1 ratio

!

152 patients assigned to
Retina4lRD-assisted group

}

148 patients assigned to
control group

Excluded from analysis (n = 4)
+ No WES report (n = 4)

prediction accuracy

Primary endpoint: top-5 gene prediction accuracy
Secondary endpoint: top 1-4 gene

Excluded from analysis (n =1)
« No WES report (n=1)

Analyzed (n =148)

Fig.4 | CONSORT diagram for the RCT. In total, 407 individuals were screened,
and a total of 300 participants were enrolled and randomly assigned ina1:1
allocation ratio using a computer-generated pseudorandom number sequence.
Ofthese, 295 with available NGS reports were included in the final analysis of the
RCT, with 148 in the Retina4IRD-assisted specialist arm (Al-assisted group) and
147 in the specialist-only arm (control group). The primary outcome measure
was top-5 gene prediction accuracy, defined as the proportion of cases in which
the correct genotype was ranked among the top-5 predictions. Specifically,

Analyzed (n =147)

aranked list of candidate genotypes was generated for each case by the two

arms. A prediction was considered correct if the actual genotype, as confirmed
by the subsequent NGS report (the gold standard), fell within the top-5 ranked
predictions. Secondary outcomes included the accuracy of top-1to top-4 gene
predictions, defined as the proportion of cases in which the correct genotype
prediction was ranked among the top-N predictions. A prediction was considered
correctiftheactual genotype, as confirmed by the subsequent NGS report, fell
within the top-Nranked predictions.

and 0.7 million OCT images. Compared to a combination attention-
convolutional neural network (CNN) model (Eye2Gene), Retina4IRD
may help capture clinically relevant features from both CFP and OCT
images, which plays a critical role in improving the accuracy of geno-
type prediction®. Unlike image-only models of Eye2Gene, Retina4IRD
integrates multimodal data, including CFP, OCT and clinical metadata,
into aunified framework. This multimodal fusion more closely reflects
the diagnostic reasoning process of clinical experts when evaluating
IRDs, leading to improved model reliability and clinical relevance.
Second, although Retina4IRD predicts fewer genes than Eye2Gene, it
strategically prioritizes 15 potentially treatable pathogenic variants,
referring to those with clinical trials or approved therapy, responsible
for approximately 60% of IRD cases. This target diagnostic approach
demonstrates greater clinical utility, as confirming genotypes with-
out effective treatments via costly NGS lacks urgency, particularly in
resource-limited settings. Lastly, external validation underscores the
exceptional precision of Retina4IRD, with prediction accuracy exceed-
ing 85% for key therapeutic target genes, including USH2A, ABCA4,
RPGR, RPE65, RS1, PRPF31,RHO, RDH12, MERTK, CHM and CNGA1, and
maintaining strong concordance with NGS results. The robust gener-
alizability was further confirmed through cross-ethnic validation in
both Poland and South Korea cohorts.

Notably, Retina4IRD represents, to our knowledge, the first and
only Al system capable of predicting multiple target genes using
CFP—the most accessible and cost-effective retinal imaging modal-
ity. This represents a potentially major advancement over previous
Al models for IRD genotype prediction, which relied exclusively on

fundus autofluorescence (FAF) or OCT imaging'®2%*°. This technologi-
cal breakthrough carriesimportant clinicalimplications. FAF imaging
systems remain prohibitively expensive and are typically available
only at tertiary referral centers. By contrast, Retina4IRD overcomes
these equipment barriers by leveraging widely available CFP/OCT
devices, which are already standard in most ophthalmic clinics. It
achieves a top-5 gene prediction accuracy of 90.4% in internal test
dataset, whereas Eye2Gene reported a top-5 accuracy of 83.9% in its
own study?’. These findings align with growing evidence support-
ing the diagnostic utility of routine ocular images, including recent
work highlighting their role in distinguishing between rare and com-
mon fundus diseases®. Notably, our system extends this capability
by achieving exceptional performance in distinguishing IRDs from
phenotypically similar non-genetic disorders using only CFP imag-
ing. Thisenables practicalimplementationin primary care settings or
resource-constrained regions with specialist availability.

To establish definitive clinical validity, we conducted aprospective
multicenter RCT evaluating our Al system, Retina4IRD, for genotype
prediction of IRD in authentic clinical practice settings. Our study
presents one of the first prospective RCTs to test an Al system within
actual clinical workflows. This step is crucial to properly evaluate
their real-world performance and limitations®>*°, Unlike previous retro-
spective investigations, our trial was designed to reflect real-world
clinical practice, providing robust evidence of the model’s clinical
value. Theresults demonstrated the superior capability of Retina4IRD
in assisting with genotype diagnosis, achieving 88.5% top-5 accuracy
in pathogenic gene prediction, significantly outperforming the 67.3%
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Fig. 5| Top-N accuracy in FAS and sex subgroup. a-c, Accuracy for the overall
cohort (n=295; a), female subgroup (n =114; b) and male subgroup (n =181;

c), respectively. The sample sizes for the Retina4IRD-assisted group and the
control group were 148 versus 147 for a, 49 versus 65 for b and 99 versus 82 for ¢,

respectively. Points represent the accuracy. The Pvalues were calculated via x*
test using the top-5 accuracy levels, with the values of <0.001,<0.001and 0.079
fora,bandc, respectively. N e {1,2,3,4,5}.

accuracy attained by clinician only. Notably, too, this trial was con-
ducted at tertiary referral centers staffed by retinal specialists with
extensive IRD expertise, yetit still revealed the considerable challenge
that genotype-phenotype correlation presents even for highly experi-
enced clinicians during routine patient care. Our study provides, to our
knowledge, the first prospective comparison between Al and genetic
retinal specialists for genotype predictionin IRD cases and delivers evi-
dence meeting the gold standard for clinical validation. The successful
translation fromalgorithm development to clinical application marks
acritical advancement, moving beyond proof-of-concept research to
establish Retina4IRD as a practical tool that genuinely enhances both
accuracy and efficiency in ophthalmic practice. The rigorous meth-
odology and noteworthy outcomes of this trial set a new benchmark
forvalidating Al systems in specialized medical fields, particularly for
complex genetic disorders such as IRDs.

Although demonstrating promising performance and clinical
utility, several limitations of the current Retina4IRD system warrant
consideration. First, it must be emphasized that the predictions of
Retina4IRD serve as a pre-genetic test CDSS tool rather than areplace-
ment for definitive genetic testing and expert genetic counseling,
particularly when determining eligibility for gene therapy or other
treatment interventions requiring definitive molecular diagnosis.
The current version of Retina4IRD focuses on 17 genotype catego-
ries selected for established therapeutic relevance. Although these
account for approximately 60% of IRD cases in our validation cohort,
future work should expand coverage to additional rare genes using
more diverse datasets, as novel therapies emerge for more genetic
subtypes. Notably, some genes exhibit both dominant and recessive
inheritance patterns, which can limit the usefulness of simplified
clinical metadata. For example, family history is captured asabinary
variable in our model and should be interpreted with caution: a ‘yes’
response may suggest dominant or X-linked inheritance, whereas a
‘no’ response may still include recessive, sporadic or de novo domi-
nant cases. Second, methodologically, Retina4IRD prioritizes robust-
ness through a late-fusion design that tolerates missing modalities
and relies primarily on the central OCT B-scan; these strategies may
limit its ability to fully capture crossmodal feature interactions.
Exploring feature-level fusion or joint multimodal representation
learning is an important direction for future work. Moreover, the
entropy-weighted fusion method relies on the assumption that lower
predictive entropy reflects higher diagnostic reliability; however, this
assumption may be violated under miscalibration or domain shift. In
addition, although Retina4IRD was evaluated on multiple devices,

performance may vary by scanner, particularly for underrepresented
platforms, so results for less represented or unseen devices should
be interpreted cautiously. Third, our Retina4IRD model was trained
primarily on a relatively homogeneous population from China, and
our multicenter RCT was conducted exclusively in Chinese patients.
Although Retina4IRD maintained approximately 80% top-5accuracy
in the external validation cohorts from South Korea and Poland,
such evaluations cannot fully substitute for formal generalizability
evidence obtained across different healthcare systems and popula-
tion backgrounds. Finally, we clarify that our composite downstream
management score is an exploratory post hoc analysis, reflecting the
management plan proposed at the clinic visit. It does not directly
demonstrate improvements in long-term clinical outcomes. There-
fore, multinational prospective trials are warranted to confirm the
generalizability of the clinical impact across broader ethnicand geo-
graphic populations and care settings and to assess the long-term
clinical benefits of these management strategies, informing future
development of Retina4IRD toward a more comprehensive disease
management platform.

Inconclusion, our study establishes the potential of Retina4IRD as
auseful Al-assisted pre-genetic test CDSS tool for precision genotyp-
ing of IRD, improving the decision-making processes of physicians at
primary care and specialist levels. Our system achieves accurate, inter-
pretable and generalizable performance, effectively transforming the
traditional time-consuming and resource-intensive diagnostic pathway
into amore cost-effective and efficient clinical workflow.
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Methods

Ethical approval

Thisstudy was conducted inaccordance with all applicable ethical reg-
ulations. Stage 1was approved by the Ethics Committee of the National
Clinical Research Center for Eye Diseases (2022KY140, approved 30
December2022;2022KY140-2, approved 29 December 2023). As only
deidentified retrospective data were used, with no active participant
involvement, the need for informed consent was waived for these
dataandimages. Stage 2 was approved by the same Ethics Committee
(2024-451, approved 6 November 2024) and was registered with Clini-
calTrials.gov (NCT06839170). Written informed consent was obtained
from all participants. All procedures were performed in compliance
with the Declaration of Helsinki. The detailed protocol is shown in
Supplementary Information.

Study design and datasets

This is a two-stage study (Fig. 1). Stage 1 is model development
and evaluation, involving 5,167 images and 8,901 metadataitems from
1,843 genetically confirmed individuals (median age 36 years, 716
females, 3,376 eyes) across China, South Korea and Poland. Stage 2 is
arandomized controlled validation trial involving 295 participants
(medianage 33 years, 114 females) conducted to evaluate the effective-
ness of Retina4IRD in a real-world clinical setting. This study strictly
adheres to Sex and Gender Equity in Research (SAGER) guidelines.
Consistent with these recommendations, we have applied the term
‘sex’ solely in reference to biological attributes. Participant sex was
determined from official identity documentation, and the data were
classified into two categories: female and male.

Stage 1: model development and evaluation

In stage 1, the Retina4IRD was initially constructed via a multimodal
dataset comprising 2,809 images (CFP and OCT scans) along with 5,538
clinical metadataitems (age, sex, family history, age of onset and dura-
tion of disease). The datawere derived from 1,137 genetically confirmed
cases (2,197 eyes) collected at the National Clinical Research Center for
Eye Diseases. The dataset was randomly split as follows: training set,
66% of cases (n =751, 1,461 eyes); internal validation set, 21% of cases
(n=238,453 eyes); and internal test set, 13% of cases (n =148, 283 eyes).
External validation was performed on 455 participants (681 eyes) from
seven tertiary ophthalmic centers across China: Eye & ENT Hospital of
Fudan University; Beijing Tongren Hospital; Zhongshan Ophthalmic
Center, Sun Yat-sen University; Shanghai General Hospital; West China
Hospital, Sichuan University; Henan Provincial People’s Hospital; and
People’s Hospital of Ningxia Hui Autonomous Region, comprising 1,362
images and 2,239 metadataitems. To further assess cross-population
generalizability, additional validation was conducted using interna-
tional datasets: 164 genetically confirmed cases (326 eyes) with 652
images and 817 metadata items from Severance Hospital at Yonsei
University in South Korea and 87 genetically confirmed cases (172
eyes) with 344 images and 307 metadata items from the University of
Warmiaand Mazury in Poland. We used fundusimages acquired across
participating centers on multiple commonly used platforms, without
restricting the model to asingle manufacturer or device (for example,
CFP cameras such as Canon CR-2/CR-2 Plus, Topcon TRC-50DX or ZEISS
VISUCAM and OCT systems such as Heidelberg Spectralis, ZEISS CIR-
RUSHD-OCT or Topcon DRIOCT Triton). There was no overlap among
patients in the training dataset, the internal validation dataset or the
external validation datasets.

Model development

Theoverallarchitecture of Retina4IRD s illustrated in Fig. 2. The frame-
work consists of two components: an image model and a combined
model. The image models are used to generate prediction results
when CFP and OCT images are provided as inputs. When metadata
are also available, the combined model integrates the outputs of the

image model with the metadata to produce the final predictions. The
combined modelis trained separately from theimage model, after the
image model trainingis completed.

Image model. For the CFP and OCT modalities, separate models are
independently trained using the same network architecture. Each input
image is first divided into nonoverlapping 16 x 16 patches, and each
patch is projected into a corresponding embedding vector through
alinear projection layer. These embedding vectors serve as inputs
to the encoder and are used to extract high-level visual representa-
tions for each patch. The encoder adopts the large version of Vision
Transformer, which consists of 24 transformer blocks. The resulting
visual features are then aggregated via global average pooling to form
aunified featurerepresentation, whichis subsequently fedinto amul-
tilayer perceptron (MLP) to produce classwise prediction probabilities.
For each imaging modality, if a patient has images from both eyes, an
entropy-weighted fusion strategy is applied to combine the eye-level
predictionsinto a patient-level prediction. Through this process, both
CFP and OCT models generate patient-level classwise probability
distributions. Finally, a model ensemble approach is applied to
integrate predictions from the two modalities, where the final class
probability distribution is obtained by averaging the patient-level
probabilities from the CFP and OCT models.

During the training phase, a variety of data augmentation tech-
niques are employed to enhance the model’s robustness and gen-
eralization ability. These include brightness adjustment, contrast
enhancement, rotation, scaling and random erasing. The augmented
images are then normalized and resized to a resolution of 224 x 224
pixels before being fed into the network. During the testing phase, input
images are center-cropped to 224 x 224 and normalized using the same
parameters applied during training to ensure consistency. The model
isindependently trained using five different random seeds, each for 50
epochswithabatchsize of 32. Thefirst 10 epochsinvolve learning rate
warming up from0to 5 x 107, followed by a cosine annealing schedule
reducing thelearning rate from 5 x 10" to1x 10 over the remaining 40
epochs. After each epoch, the modelis evaluated on the validation set,
and the weights with the best performance are saved for subsequent
evaluation on the test set.

Combined model. The metadata are concatenated with the patient-
level classwise prediction probabilities generated by the image
model and used as input to a combined module consisting of three
classifiers: XGBoost, LightGBM and k-nearest neighbors (KNN).
XGBoostemploys the Dropouts meet Additive Regression Trees (DART)
algorithm together with L2 regularization to improve generalization
performance. LightGBM is configured with a predefined maximum
number of iterations and incorporates L1 regularization to control
model complexity and mitigate overfitting. For KNN, the number of
neighbors is set to 9. The outputs of the three classifiers are subse-
quently fed into an MLP to generate classwise prediction probabilities.

To further improve classification performance, the combined
module adopts aniterative refinement training strategy. Specifically,
the classwise image probabilities produced by the image model for a
given modality are denoted by P,. These probabilities are concatenated
with the metadatato formthe combined input, whichis then processed
by the classifiers (XGBoost, LightGBM and KNN) and subsequently
passed through the MLP to generate class probabilities Py, p. The fused
outputis computed as

Poutputzﬁxpl"'(l_ﬁ)XPMLP

The fused probability Py, then replaces P, and is used as the
input probability for the next iteration, and the above procedure is
repeated multiple times. Grid searchis used to determine the optimal
fusion weight g and the number of refinement iterations. In the final
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model, the optimal value of Bis 0.974, and the refinement process is
performed for six training cycles.

For each imaging modality, if a patient has images from both
eyes, an entropy-weighted fusion strategy is applied to combine the
eye-level predictionsintoapatient-level prediction. If a patient has both
metadata and images from the two modalities, the combined model
isapplied to eachimage modality separately to generate patient-level
prediction probabilities. The probabilities obtained from the two
modalities are then integrated using an ensemble strategy based on
probability averaging, to obtain the final gene probability distribution.

XGBoost is configured with 21 boosting estimators and incorpo-
rates L2 regularization by setting the A parameter to 0.46. For Light-
GBM, the number of boosting iterations is set to 33, with a maximum
of eightleaves per decision tree, and the corresponding L1regulariza-
tion parameter is set to 0.21. We employ an MLP with a single hidden
layer consisting of 100 neurons. Theinitial learning rateis set to 0.0186
to facilitate efficient convergence during optimization. Prior to train-
ing, all continuous features are standardized using StandardScaler.
The validation and test sets use the same scaling parameters as the
training set to ensure consistentinput distributions across all datasets.

Entropy-weighted fusion strategy. For patients with images from
both eyes, we combined the predictions from the two eyes to obtaina
patient-level genotype prediction using an entropy-weighted fusion
strategy. This approach assigns higher weights to predictions with
lower predictive uncertainty.

Theentropy-weighted fusion strategy allows the modeltointegrate
information from both eyes while automatically assigning greater
influence to the eye with higher predictive confidence, leading to more
reliable patient-level predictions. The specific processing details are
as follows:

Let K denote the number of candidate genotypes. For each eye,
the model outputs a probability distribution over the K genotypes:

P = (PP PR) P = (0.5 )
where Zlepi =1land Zlepf =1

We first compute the predictive entropy for each eye:

K K
Hy = —kZ_lpilnpi, Hg = —kZ_lpflnp’;

Lower entropy indicates amore confident prediction. To quantify
thereliability of each eye’s prediction, we define a quality score based
onnormalized entropy:

oM MR
0 =1 ink’ T =1 InK

Finally, the patient-level genotype probability is obtained by com-

bining the two eye-level predictions in the log-probability space:

¢ = wyInpk + welnp?

P ek
P, = .
kT st e

where p” = (p?,p?, ....p?) represents the patient-level probability
distribution over the K candidate genotypes.

This entropy-weighted fusion strategy allows the model to inte-
grateinformation from both eyes while automatically assigning greater
influence to the eye with higher predictive confidence, leading to more
reliable patient-level predictions.

For clinical metadata with missing values, statistical imputation
methods were applied. Missing values for continuous variables, dis-
ease duration and age at onset were filled with the mean value calcu-
lated from patients with the same genotype. After imputation, logical

consistency checks were performed to ensure clinical plausibility: if
the imputed age of onset exceeded the patient’s current age, it was
replaced with the current age. For family history, missing values were
imputed using the most frequent category among patients with the
same genotype.

Visualization and plausibility of Retina4IRD

To address the limited visualization of the Almodel, we leveraged the
self-attention mechanism of the Retina4IRD architecture to generate
attention maps from OCT images. These maps highlightimage regions
thatreceive the highest attention weights and thus contribute most to
themodel’s predictions. We further conducted deletion and insertion
experiments to assess the faithfulness of the attention maps. In the
deletion experiment, pixels with the highest attention scores were
progressively removed from the originalimage, gradually eliminating
the regions that most strongly influence the model’s predictions. In the
insertion experiment, we started from a blank image and progressively
restored pixels with the highest attention scores. At each step, the
modified image was fed into the model, and the model’s confidence
for the ground truth class was recorded.

For assessing class diversity and revealing interclass similarities,
we employed a data-driven strategy using the Retina4IRD model to
process all OCT scans from both internal and external test datasets.
Fromthe penultimate layer activations, we extracted 768-dimensional
feature vectors and projected theminto two-dimensional space using
UMAP for visualization®. Overlapping distributions of data across
different clinical centers in the UMAP visualization indicate that the
model has minimal systematic bias.

Stage 2: randomized controlled validation trial
For stage 2, arandomized controlled validation trial was conducted to
evaluate the performance of Retina4IRD (also designated as FM-IRD)
in clinical settings. This trial was conducted at seven centersin China
with large outpatient IRD care (Shanghai General Hospital; Eye & ENT
Hospital of Fudan University; Beijing Tongren Hospital; Zhongshan
Ophthalmic Center, Sun Yat-sen University; West China Hospital,
Sichuan University; Henan Provincial People’s Hospital; and People’s
Hospital of Ningxia Hui Autonomous Region), and the details are pre-
sentedin Supplementary Information. Participants were recruited from
the outpatient of IRD clinics of the participating centers or through
referrals from collaborating retinal specialists. Inaddition, we actively
recruited referred patients with suspected IRD from external centers,
predominantly referred by retina specialists with a high pre-test
suspicion of IRD.

All participants underwent NGS-based testing, specifically WES.
The report turnaround time is defined as the interval from sample
submission to issuance of the final genetic report. The genetic test-
ing workflow included sample submission, DNA library preparation
(2-3 days), sequencing (2 days), variantinterpretation (2-5 days) and
family segregation analysis (3-5 days), where indicated, and report
issuance (1-2 days). The reporting timeline was required not to exceed
30 days under normal circumstances. Given that genetic testing results
were unavailable atenrollment, and to prioritize the ability of the model
toidentify patients with actionable therapeutic targets, genotypes of
our RCT were categorized into 17 classes, including a negative class,
comprising participants for whom NGS did not identify a causative
gene; genotypes with potentially available gene therapies or clinical
trials (Supplementary Table 24, including USH2A, CYP4V2, ABCA4,
RPGR, RPE65, RS1, PRPF31, RHO, RDH12, MERTK, CHM, CNGAI,
PDE6B, PDE6A and GUCY2D); and currently untreatable genotypes.
All participants provided written informed consent before
enrollment assessments.

Theinclusion criterion was patients clinically suspected of having
IRD during outpatient retina clinic visits. Exclusion criteria included
refusal to undergo NGS genetic testing, fundus photography or OCT
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examination; presence of other ocular conditions that may interfere
with retinal examination; history of intraocular surgery in either eye
within 6 months prior to screening; systemic severe diseases, intel-
lectual disability or psychiatric disorders; and participation in other
interventional clinical trials, such as stem cell or gene therapy trials.
The study was reviewed and approved by the appropriate ethics review
boards and was registered at ClinicalTrials.gov (NCT06839170).

Randomization and masking. Randomization was performedinal:l
ratio using a computer-generated pseudorandom number sequence
by an independent statistician. After eligibility assessment, all par-
ticipants were automatically allocated with center as a stratifica-
tion factor through the study platform to the Retina4IRD-assisted
diagnosticarm (Al-assisted group) or specialist-only diagnosticarm
without Retina4IRD (control group). Participants assigned to the
Al-assisted group underwent basic medical history documentation,
fundus photography and OCT examination. The collected datawere
theninputinto the Retina4IRD system, which generated top-5 poten-
tial genotype predictions for physician review and final confirma-
tion. Participants in the control group underwent the same baseline
evaluations. Physicians independently assessed whether patients
had IRD and provided their own top-5genotype predictions without
Retina4IRD assistance, based solely on the provided CFP, OCT images
and clinical metadata.

All specialists involved this trial were highly experienced, each
with over a decade of clinical practice in IRD diagnosis and manage-
ment. All participants subsequently underwent NGS testing to confirm
the causative genotypes, which served as the gold standard for IRD
genetic diagnosis.

Outcomes. The primary outcome measure was top-5 gene predic-
tionaccuracy, defined as the proportion of cases in which the correct
genotype was ranked among the top-5 predictions. Specifically, a
ranked list of candidate genotypes was generated for each case by the
two arms. A prediction was considered correct ifthe actual genotype,
as confirmed by the subsequent NGS report (the gold standard), fell
withinthetop-5ranked predictions. Secondary outcomesincluded the
accuracy of top-1to top-4 gene predictions, defined as the proportion
of cases in which the correct genotype prediction was ranked among
thetop-Npredictions. A prediction was considered correct if the actual
genotype, as confirmed by the subsequent NGS report, fell within the
top-N ranked predictions. For the detailed formula used to calculate
Top-Naccuracy, see the ‘Statistical analysis’ section.

We exploratorily assessed the correct revisions proportion (CRP),
theincorrectrevision proportion (IRP) and the net benefit proportion
(NBP) among physicians in the Retina4IRD-assisted group after their
review of the Retina4IRD output. CRP is defined as the proportion
of cases in which the physician’s initial diagnosis was incorrect but
was corrected after reviewing the Retina4IRD output. IRPrefers to the
proportion of cases where the initial diagnosis was correct but became
incorrect after review of the Retina4IRD output. NBP is defined as the
difference between CRP and IRP. CRP, IRP and NBP are calculated
based on the formulas CRP = )% IRP = iy‘ and NBP = CRP — IRP, where

X denotes the number of initially incorrect annotations by physicians
and X; is the number of such correct changed cases assisted by
Retina4IRD; Y denotes the number of initially correct annotations by
physicians; and ¥; is the number of such incorrectedly changed cases
assisted by Retina4IRD.

Moreover, we also conducted the post hoc analyses for useful-
ness of Retina4IRD on patient downstream management. We defined
a composite score for downstream management strategies, which
covers four dimensions: (1) potential eligibility for available thera-
piesor clinical trials, (2) recommended follow-upinterval, (3) referral
for genetic (reproductive) counseling and (4) referral for syndromic/
systemic evaluation. Specifically, we provided the Alwith knowledge of

clinicaland geneticinformation for IRD genotypes, including therapy/
trial availability, inheritance pattern, natural history/progression rate
and syndromic/systemic manifestations. In the Retina4IRD-assisted
arm, the system generated management recommendations across
the four domains; physicians then complete the management report
after reviewing the Al output. In the control arm, physicians com-
plete the report without Al assistance. After recommendations were
made in both arms, the composite downstream management score
was independently assessed by two senior IRD experts under masked
conditions using specified criteria (Supplementary Table 25), based on
the correct top-1 predicted genotype confirmed by gene sequencing.
Each dimension was scored on a 10-point scale, yielding a total score
ranging from 0to40. A higher score corresponds to abetter manage-
ment plan that better aligns with genotype-specific pathways.

Statistical analysis

Retina4IRD evaluation, for both internal and external validation, was
conducted using top-Naccuracy. The top-Naccuracy for each class is
defined as follows:

M,
Accuracy” = N—C
c

where Accuracyﬁ’ = ’:l’— is the top-N accuracy for class c¢; N, is the

total number of samples in class ¢; and M, is the number of samples
in class c for which the true label appears in the model’s top-N predic-
tions. The overall top-Naccuracy is defined as follows:

N xM,
ACCl‘lracyoverall = E_NC
c

where Accuracy® . = é—’l‘: is the top-N accuracy over all samples;
C

> N is the total number of samples across all classes; and Y M, is the
number of total samples for which the truelabel appearsin the model’s
top-N predictions. The model was trained over five independent runs
using different random seeds, which controlled the shuffling of the
training data. For each run, performance metrics were recorded, and
the mean and standard deviation were computed across all runs. The
standard error was calculated as the standard deviation divided by /5.
A95% Clwas then estimated by multiplying the standard error by 1.96.
The other measures of model performance included precision and
recall. Precision was defined as the proportion of true-positive predic-
tionsamongall samples predicted as positive: Precision=TP /(TP + FP).
Recall was defined as the proportion of actual positive samples
correctly identified by the model: Recall=TP /(TP + FN). TP, FPand FN
denote true positives, false positives and false negatives, respectively.
We also performed exploratory subgroup analyses examining
Retina4IRD performance across early-onset, later-onset and end-stage
IRDinthe Chinaexternal test dataset (N =445). Early-onset was defined
as age at onset no more than 6 years or no more than 12 years; later-
onset was defined as age at onset no less than 18 years; and end-stage
disease was defined as best-corrected decimal visual acuity no more
than 0.1(ref. 38). Additionally, we conducted adevice-stratified analysis
(where sample size permitted) in the external test dataset to assess
performance differences across major retinal scanner platforms.

In the RCT, a sample size of 300 for statistical power above 95%
with a two sided a = 0.05 was determined based on the hypothesis
that the Al-based CDSS group would achieve 85% accuracy in top-5
gene prediction compared to 60% in the specialist-only group. The
calculationwas performed using the following formula for comparing
two independent proportions:

o Zan+ 2y X[y (= py) +p2 (1= py)]
o1 - p2)
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The primary analysis was performed on a full analysis set (FAS)
basis (NV=295). Hypotheses tested were two-sided, and a Pvalue of less
than 0.05 was considered statistically significant. In addition, several
post hoc analyses were conducted, including subgroup analyses based
onsex (females versus males), comparison of the correctidentification
among genetically positive cases using the genetic testing report as the
gold standard and the difference of composite score for downstream
management strategies between the two arms.

All analyses, during both stage 1 and stage 2, were conducted at
the patientlevel. This studyis reported in accordance with DECIDE-AI
reporting guidelines®. Analyses were performed using Python
(version 3.8.20).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data canbe shared only fornoncommercial academic purposes and will
require aformal material transfer agreement. Interested investigators
canobtainand certify the data transfer agreement and submit requests
to X.S. (xdsun@sjtu.edu.cn). Investigators who consent to the terms
of the data transfer agreement, including, but not limited to, the use
of these data only for academic purposes, and who agree to protect
the confidentiality of the data and limit the possibility of identifica-
tion of patients will be granted access. Requests will be evaluated on
a case-by-case basis within 1 month before receipt of a response. All
datashared will be deidentified. For the reproduction of our algorithm
code, we have also deposited a minimum dataset at Zenodo (https://
zenodo.org/records/20489924) (ref.40), whichis publicly available for
scientific researchand noncommercial use. Source data are provided
with this paper.

Code availability
The code being used in the current study for developing the algorithm
is provided at https://github.com/zycl2001/Retina4IRD.
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metadata, including 42 negative cases, 211 potentially curable, and 202 incurable
cases. Patient counts, precision, and recall for each class are displayed alongside
the confusion matrix. ¢, Top-N accuracy (N € {3,4,5}) for gene prediction on
internal and external test sets based on OCT images and metadata, conducted

via148 and 455 cases, respectively. The bar represents the accuracy and the
error bar represents 95% CI.d, Top-N accuracy (N € {3,4,5}) for gene prediction
using progressive integration of metadata with OCT images on the internal test
set (n =148 cases). The bar represents the accuracy and the error bar represents
95% Cl. e, Top-Naccuracy (N € {3,4,5}) for gene prediction using progressive
integration of metadata with OCT images on the external test set (n = 455 cases).
The bar represents the accuracy and the error bar represents 95% CI. f, Top-N
accuracy (N €{3,4,5}) for gene prediction on datasets from Poland (n = 87 cases)
and South Korea (n =164 cases). The bar represents the accuracy and the error
bar represents 95% CI.
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Extended DataFig. 3| Visualization and plausibility of Retina4IRD. Panels (a)-(f)
showed the original OCT images and their corresponding attention maps for
USH2A,ABCA4, CYP4V2, CHM, RDH12, and GUCY2D, respectively. The attention
maps highlight the regions contributing to the model’s predictions for the six

genotypes. g, showed the results of theinsertion and deletion experiments
performed on the attention maps. The first row shows USH2A, and the second

row shows ABCA4.
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(n=52), respectively. The sample sizes for Retina4IRD-assisted group and control
group were 79 vs 75 for panel a, 14 vs 12 for panel b, 9 vs 13 for panel ¢, 13 vs 18

for paneld, and 29 vs 23 for panel e, respectively. Points represent the accuracy.

N e {1,2,3,4,5}. FAS, Full Analysis Set.

Extended Data Fig. 4| Top-N Accuracy for each clinical center in FAS.

Panels (a)-(e) present the accuracy for the five main centers in the FAS, labeled

as Shanghai General Hospital (n = 154), Eye and ENT Hospital of Fudan University
(n=26), West China Hospital, Sichuan University (n = 22), Beijing Tongren
Hospital (n =31), and Zhongshan Ophthalmic Center, Sun Yat-sen University
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Part 1: Patient Information

Sex: Male

Age: 17 years old
Age onset of disease: 11 years old

Part 2: Images

Part 3: Medical advice for Downstream management strategy

management strategy as below:

months.

generally does not necessitate multidisciplinary consultation.

Family history: No
Duration of disease: 6 years

The most likely mutant genotype for this patient is ABCA4. The recommended downstream

Potential interventions: Clinical trials: NCT07063251, NCT06300476, NCT06942572,
NCT07002398, NCT01367444, NCT01736592, NCT07161544, and NCT06467344.
Recommended follow-up intervals: Given that the patient is only 17 years old and in a

critical period of disease progression for ABCA4, the recommended follow-up interval is 6

Reproductive counseling: ABCA4 is inherited in an autosomal recessive pattern. Given the
patient's current age, no immediate need for reproductive planning is anticipated.

Multidisciplinary consultation: The pathology is typically confined to the ocular system and

Dimension 4

Dimension 3

Dimension 2

Dimension 1

o
o
N
o

Total score

0 20 40
Score of downstream management strategy

Extended Data Fig. 5| Retina4IRD enhances physician diagnostic accuracy
and downstream management decisions in an RCT. Panels (a)-(c) present the
Correct revisions proportion (CRP), incorrect revision proportion (IRP), and the
net benefit proportion (NBP) for physicians after reviewing the Retina4IRD
outputin the assisted group (n =148). CRP is defined as the proportion of cases
inwhich the physician’s initial diagnosis was incorrect but was corrected after
reviewing the Retina4IRD output. IRP refers to the proportion of cases where
theinitial diagnosis was correct but became incorrect following review of the
Retina4IRD output. NBP is defined as the difference between CRP and IRP. The
CRP, IRP and NBP are calculated based on the formula:CRP = 1, IRP = y—yl

and, NBP = CRP — IRP Where the X denotes the number of initially incorrect
annotations by doctors and X; is the number of such correct changed cases
assisted by Retina4IRD; Y denotes the number of initially correct annotations by
doctors and Y; is the number of suchincorrectedly changed cases assisted by
Retina4IRD. The bars represented the values of CRP, IRP and NBP for panel a,
panelb, and panel c respectively. d, Example of a downstream management

reportin Retina4IRD assisted group. e, Mean composite score for downstream
management strategies in the physician-only group versus the Retina4IRD-
assisted group in the RCT. The composite strategy was developed based on the
top-1predicted genotype and included four dimensions: Dimension 1, potential
eligibility for available therapies or clinical trials; Dimension 2, recommended
follow-up interval; Dimension 3, referral for genetic (reproductive) counseling;
and Dimension 4, referral for syndromic/systemic evaluation. Each dimension
was scored on al0-pointscale, yielding a total score ranging from O to 40. The
composite strategy score was independently assessed by two experienced IRD
experts under masked conditions. These recommendations were applied only

to cases with a correct top-1genotype prediction, as confirmed by NGS. A total of
24 management reports from the Retina4IRD-assisted group and 25 management
reports from the control group were included in this analysis. The bars
represented the averaged scores for total score and Dimension1to 4. The Pvalues,
obtained via the two independent samples t-test, were <0.001, <0.001, <0.001,
0.062,and 0.054, respectively.
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may introduce geographic bias. Stage 2 is a randomized controlled validation trial including 300 participants conducted in
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Ethics oversight This study was conducted in accordance with all applicable ethical regulations. Stage 1, a retrospective model development

study, was approved by the Ethics Committee of the National Clinical Research Centre for Eye Diseases (2022KY140,
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Sample size In the RCT, a sample size of 300 for statistical power above 95% with a two side Alpha = 0.05, determining based on the hypothesis that the
Al-based CDSS group would achieve 85% accuracy in top-5 gene prediction, compared to 60% in the specialist-only group.

Data exclusions  During screening, 107 cases were excluded (88 declined, 19 met exclusion criteria). In the final analysis, 5 additional participants were
excluded for missing NGS test reports. All exclusion criteria were pre-established and applied consistently. Exclusion criteria for the RCT were
refusal to undergo NGS genetic testing, fundus photography, or OCT examination; presence of other ocular conditions that may interfere with
retinal examination; history of intraocular surgery in either eye within 6 months prior to screening; systemic severe diseases, intellectual
disability, or psychiatric disorders; participation in other interventional clinical trials, such as stem cell or gene therapy trials.
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Randomization  Randomization was performed in a 1:1 ratio using a computer-generated pseudo-random number sequence.
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Clinical trial registration  ClinicalTrials.gov NCT06839170
Study protocol Protocol was attached in Supplementary.

Data collection The trial was conducted from February 27, 2025 to July 1, 2025 at Shanghai General Hospital; Eye & ENT Hospital of Fudan
University; Beijing Tongren Hospital; Zhongshan Ophthalmic Center, Sun Yat-sen University; West China Hospital, Sichuan University;
Henan Provincial People’s Hospital; People's Hospital of Ningxia Hui Autonomous Region.
Collected data include color fundus photo, OCT image, sex, age, family history, age onset, disease duration and genotype.

Outcomes The primary outcome measure was top-5 gene prediction accuracy, defined as the proportion of cases in which the correct genotype
was ranked among the top 5 predictions. Specifically, a ranked list of candidate genotypes was generated for each case by the two
arms. A prediction was considered correct if the actual genotype, as confirmed by the subsequent NGS report (the gold standard),
fell within the top-5 ranked predictions.

The secondary outcomes included the accuracy of top-1 to top-4 gene predictions, defined as the proportion of cases in which the
correct genotype prediction was ranked among the top-N predictions. A prediction was considered correct if the actual genotype, as
confirmed by the subsequent NGS report, fell within the top-N ranked predictions.
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