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Abstract

Accurate and safe identification of infantile fundus abnormalities is critical for large-scale
screening, yet remains challenging because of heterogeneous disease presentations and
overconfident predictions by conventional artificial intelligence (Al) models. In this study,
we aim to develop an uncertainty-inspired open-set (UIOS) system to address these
challenges. Using a multicenter dataset from 39 centers comprising 319,998 fundus
images from 15,647 infants, the UIOS-YOLOvV8 (UIOS-Y) model integrates multi-class
classification with uncertainty estimation to enable uncertainty-inspired prediction and
triage for clinical decision-making. The UIOS-Y model achieved high performance in
internal testing (AUC 0.995). The UIOS-Y+0 model, by excluding high-uncertainty
prediction, achieved an AUC of 0.997 and enabled effective triage of clinically ambiguous
cases for clinician review. Robust performance was maintained across five independent

external datasets (AUCs ranging from 0.969 to 0.982). UIOS also effectively detected out-



of-distribution images, enhancing safety in real-world deployment. Notably, it
outperformed resident physicians and general-purpose Al systems, including ChatGPT
and Gemini (all p < 0.001), particularly in complex or ambiguous cases. These findings
underscore that dedicated uncertainty-inspired open-set modeling is critical for reliable
identification of infantile fundus abnormalities despite of the availability of general-
purpose Al chatbots, and highlights its value in real-world Al-assisted pediatric ophthalmic

screening.

Introduction

Infantile fundus diseases are among the leading causes of irreversible vision loss in early
life." The first year of life represents a critical period for visual system maturation and the
establishment of binocular vision.?? The World Health Organization has emphasized that
early-onset irreversible vision loss in infants can lead to delays in motor, language,
emotional, social, and cognitive development, resulting in lifelong consequences.*
Without timely and targeted interventions, the global burden of vision loss is expected to
continue to increase.® Hence, routine screening and early intervention are essential to
mitigate the risk of lifelong vision loss in infants.?

However, due to limited healthcare resources and insufficient clinical support,
especially during the early infancy, screening systems for infant eye abnormalities are
often incomplete or unavailable. As a result, fundus abnormalities in infants frequently
remain undetected and untreated in a timely manner. Improving access to timely and
accurate eye care for infants is thus critical for advancing health equity and achieving

sustainable development goals.



Artificial intelligence (Al) has rapidly advanced across various ophthalmic domains.®-
0 It holds substantial promise for improving diagnostic efficiency and expanding
screening coverage. Our team has previously developed Al systems for identifying
retinopathy of prematurity (ROP)'-2 and multiple fundus abnormalities.’® However, both
our prior Al models and existing approaches are largely limited to single-task settings.'
These models are typically developed under closed-set assumptions, whereby all test
samples are presumed to belong to predefined disease categories. In real-world clinical
settings, however, atypical presentations, rare diseases, image artifacts, and previously
unseen conditions are common. Under such circumstances, these Al models may
produce overconfident yet incorrect predictions when encountering out-of-distribution
(OOD) samples, thereby posing potential clinical risks.'® Moreover, constructing
comprehensive training datasets that encompass the full spectrum of infantile fundus
abnormalities is practically infeasible. These current limitations underscore the urgent
need for innovative Al strategies that can support the real-world clinical application.

Recent advances in medical imaging have highlighted the importance of uncertainty
awareness and open-set recognition.’>2° Uncertainty-inspired Al systems are
increasingly regarded as more suitable for clinical decision support, particularly in rare
diseases or ambiguous cases.'®?0 Open-set learning frameworks enable models to
accurately identify known diseases while simultaneously handling unfamiliar or unreliable
inputs, without requiring exhaustive labeled datasets. Although such approaches have
shown promise in adult retinal disease classification,’>'” their application in infantile

fundus diseases remains limited due to differences between infantile and adult fundus



characteristics, thereby hindering the translation of these methods into pediatric
ophthalmology in real world.

In this study, we aim to develop an uncertainty-inspired open-set (UIOS) system for
the identification of infantile fundus abnormalities. As illustrated in Fig. 1, when presented
with fundus images from known disease categories, the UIOS model produces confident
diagnostic outputs with low uncertainty. In contrast, for OOD samples, atypical
presentations, or low-quality images, the UIOS model generates high uncertainty scores,
flagging these cases for clinician review. We further compared the performance of the
UIOS model with that of clinicians and Al chatbots to evaluate the gap between domain-
specific and general-purpose Al models and demonstrate its clinical applicability.?22 This
design enhances clinical reliability and provides a more scalable, practical solution for Al-

assisted screening of infantile fundus abnormalities in real-world settings.

Results

Dataset distribution

The dataset was collected from a total of 39 centers, including 36 centers within an
Eyecare-Cloud-based platform?® and three additional centers contributing external test
data. In addition, two publicly available datasets were also used for testing. Platform-
derived images were downloaded and underwent standardized processing, including
renaming, de-identification, and exclusion of non-fundus images (e.g., fundus fluorescein

angiography [FFA] and anterior segment images) and low-quality images. External



datasets were provided directly by collaborating centers and processed using the same
standardized pipeline.

These fundus images were acquired using multiple imaging devices, primarily
including RetCam (Clarity Medical Systems, Inc., USA), the ROP Screening System (SW-
8000, China), and the Nautilus imaging system (RS-B002, China). In total, the dataset
comprised 319,998 fundus images from 15,647 infants, the majority of whom were
younger than 1 year. These images encompassed 11 clinical categories, a summary of
which was presented in Table S1. The internal dataset was divided into a training set
(13,047 individuals; 122,946 images), a validation set (10,465 individuals; 40,980 images),
and a test set (10,448 individuals; 40,990 images) (Fig. S1). External datasets, used
primarily for independent testing, comprised 2,030 individuals and 115,082 images.
These data were collected from three independent clinical centers, including Fujian
Provincial Hospital (FJPH), Kunming Maternal and Children’s Hospital (KMCH), and
Peking University People’s Hospital (PUPH), as well as two publicly available datasets,
FARFUM-RoP?* and the ROP dataset from Ostrava (hereafter referred to as Ostrava-
ROP) 25, For brevity, these datasets are denoted as external testing set 1-5 respectively.

Normal cases (Class 1) constituted the largest proportion of the dataset, reflecting
real-world screening scenarios, whereas abnormality categories showed varying degrees
of imbalance at both the individual and image levels. Retinal fold (RTF, Class 2),

retinoblastoma (Class 3), different stages of ROP (Classes 4-7), laser scars (Class 8),



and retinal hemorrhage (Class 11) were consistently represented across internal and
external datasets, supporting reliable performance evaluation. In contrast, rare conditions,
such as Coats’ disease (Class 9) and chorioretinal coloboma (Class 10), were
represented by fewer individuals and images, consistent with their low clinical prevalence.
External test sets exhibited heterogeneous distributions in both individual numbers and
image numbers across centers, providing a rigorous assessment of model generalizability
under diverse real-world clinical settings (Table S1).
Model performance in the internal test dataset

In the internal test dataset, UIOS-YOLOvV8 (UIOS-Y) and UIOS-ResNet-50 (UIOS-R)
models achieved an average area under the receiver operating characteristic (ROC)
curve (AUC) of 0.995 and 0.982, respectively, across the 11 categories. The average
accuracy, precision, recall, specificity, and F1-score of the Al models were displayed in
Table S2. Images with uncertainty scores exceeding the UIOS model’s threshold were
flagged for ophthalmologist review. Overall, 11.8% of the samples exceeded the
predefined threshold (Table S3). After exclusion of uncertain samples, the UIOS-Y+86
model achieved an average AUC of 0.997, whereas the UIOS-R+6 model achieved 0.975.
(Fig. 2, Figs. S2-S5). Performance-coverage trade-off curves further demonstrated the
performance of the UIOS-Y model across internal and external datasets (Fig. S6). Fig.
S7 and Fig. S8 presented representative image classification results, comparing YOLOv8

with UIOS-Y and ResNet-50 with UIOS-R, respectively.



Fig. 3 demonstrated that UIOS-Y achieves more reliable image-level classification
than UIOS-R in cases with complex and coexisting ROP features. Misclassifications by
UIOS-R primarily occurred when multiple pathological characteristics, such as aggressive
ROP(A-ROP) overlapping with stage 2-3 ROP or severe plus disease, were present within
the same image, highlighting the limitations of single-label classification in clinically
ambiguous scenarios. Importantly, all such cases exhibited uncertainty scores exceeding
the predefined threshold, enabling the system to flag these images for clinician review
and thereby reducing the risk of diagnostic errors. Comparison of prediction confidence
distributions across YOLOvV8, ResNet-50, UIOS-Y, and UIOS-R further reveals
differences in confidence concentration and uncertainty handling among models,
highlighting that integrating uncertainty estimation with classification enhances the
robustness and safety of Al-assisted clinical decision-making.

Model performance in the external datasets

Across multiple external independent datasets (FJPH, KMCH, PUPH, FARFUM-ROP,
and NJPROP), all models demonstrated strong discriminatory performance, although
their generalizability varied across centers. UIOS-Y consistently achieved high AUCs
across external cohorts, ranging from 0.969 to 0.993, indicating robust performance in
diverse clinical settings. In contrast, UIOS-R exhibited greater variability in generalization,
with AUCs ranging from 0.913 to 0.970 across datasets. The proportions of samples

exceeding the predefined threshold were 24.5% (4,418), 31.7% (1,369), 26.5% (22,756),



40.0% (584), and 24.8% (1,320), respectively (Table S3). After excluding uncertain
samples, the UIOS-Y+6 model achieved AUCs ranging from 0.974 to 0.998, whereas the
UIOS-R+68 model achieved AUCs ranging from 0.966 to 0.997(Fig. 2, Figs. S2-S5, Table
S2).
Comparison of UIOS models with Al chatbots

A total of 110 images, with 10 images per class, were independently evaluated by
the UIOS-Y model, the UIOS-Y+6 model, one retinal specialist, one attending doctor, one
resident doctor, Gemini-3.0 Pro, and ChatGPT-5.2. As shown in Fig. 4 and Table S4, the
UIOS-Y models demonstrated superior and more consistent classification performance
compared with clinician groups and Al chatbots. The UIOS-Y and UIOS-Y+8 models
achieved the highest overall accuracies, comparable to those of retinal specialists and
attending doctors (all p > 0.05), while significantly outperforming resident doctors as well
as Gemini-3.0 Pro and ChatGPT-5.2 (all p < 0.001) (Table S4). Notably, the UIOS-Y and
UIOS-Y+6 models maintained stable performance across multiple categories, while
clinicians, particularly less experienced doctors, and Al chatbots showed greater

variability and reduced accuracy in complex classes.

Heatmap visualization for model explainability
Heatmap visualizations highlighted characteristic regions associated with

diagnostically relevant features, including retinal folds, retinoblastoma lesions, different



stages of ROP, laser scars, exudation in Coats’ disease, chorioretinal coloboma, and
hemorrhage (Fig. 5), thereby further validating the strong capability of the UIOS-Y model
to localize clinically meaningful features.

Out-of-distribution image identification

Across seven kinds of image datasets outside the training categories (Table S5),
including FFA images, optical coherence tomography angiography (OCTA) images, color
fundus images with different imaging tools, and anterior segment images with leukocoria,
the UIOS model processed all 6,299 images from 1,978 participants. Of these, 5,421
images (86.1%) exceeded the uncertainty threshold, indicating effective identification of
OOD samples. This capability may help reduce potential diagnostic errors in real-world
clinical settings.

Among these OOD samples, some images with uncertainty scores below the
threshold were correctly diagnosed by the UIOS-Y model, and these were predominantly
normal images. Conversely, the model was still capable of generating accurate
predictions for certain images with uncertainty scores above the threshold (Fig. S9). A
greater discrepancy in imaging modality was associated with a higher proportion of
images exceeding the threshold (e.g., OCTA and scanning laser ophthalmoscopy [SLO]).
By contrast, images from different modalities but with lesion characteristics similar to
those used for model development in this study showed a moderately lower proportion

exceeding the threshold (e.g., FFAimages with ROP in Row 1 of Table S5). Notably, even



within the same imaging modality, images with markedly different disease features
showed a high proportion exceeding the threshold (e.g., RetCam-captured fundus images
in Row 7 of Table S5). When presented with RetCam fundus images containing cataract,
retinal exudates, or morning glory syndrome (Fig. S10), 89.5% of images exceeded the
threshold under the UIOS-Y model. Given that these above-threshold predictions were
incorrect or incomplete, elevated uncertainty effectively flagged such cases, thereby
reducing the risks of diagnostic errors. These findings further highlight the advantage of
the UIOS-Y model in open-set recognition and OOD detection.

We analyzed the uncertainty density distributions across internal, external, and OOD
datasets (Fig. S11). Uncertainty scores for internal datasets were tightly clustered at low
scores, indicating stable and high-confidence predictions. In contrast, external datasets
show broader distributions with a noticeable rightward shift, reflecting increased
uncertainty when applied to heterogeneous clinical data. The OOD dataset demonstrated
the highest uncertainty. These patterns indicate that the UIOS-Y model can effectively
distinguish between familiar and unfamiliar or clinically challenging cases, thereby
enhancing the safety and reliability of real-world application.

WeChat application and web-based platform

We conducted a preliminary deployment analysis to better reflect real-world clinical

workflows in future applications. The “Fundus disease screening platform” WeChat

application was developed based on the UIOS-Y model (Fig. 6 and Video S1). Users can



easily complete the process by following the instructions within the application interface.
The application allows users to review previous identification records for follow-up and to
monitor disease progression. An administrator account is available for clinicians to review
and document medical data. In addition, a web-based platform was developed (Fig. S12,
Video S2). Users can choose between the WeChat application and the web-based
platform based on their preference and convenience in future applications.

Under the online deployment framework (WeChat Mini Program to FastAPI) using
the same nine images, the latency reduced to 131.57/91.08 ms (P95: 199.95 ms; ~7.60
images/s), while CPU RAM usage was 1264.0/1246.8 MB ( A RAM: +31.4/+14.3 MB) and
GPU memory usage was 394.4/394.4 MB (A GPU: +65.5/+65.5 MB; peak: 402.8 MB).
Under the Gradio-based web deployment (batch size = 9), the end-to-end inference
latency achieved a mean/median of 168.96/179.80 ms (P95: 337.65 ms; ~5.92 images/s),
with post-inference CPU RAM usage of 1097.38/1076.50 MB ( A RAM: +57.19/+56.00 MB)
and GPU memory usage of 195.20/195.20 MB ( A GPU: +72.81/+65.70 MB).
Discussion
In this study, we developed UIOS models for the identification of infantile fundus
abnormalities. These models facilitate the early detection of warning signs, enabling
timely medical intervention and potentially preserving both vision and life. The UIOS

models demonstrated robust performance across multiple external test datasets and



public datasets. In addition, they achieved markedly higher classification accuracy than
general-purpose Al chatbots, with performance comparable to that of retinal specialists.

With the continuous advancement of Al technology across various fields,?® identifying
common diseases is no longer a major challenge for conventional Al models. The primary
difficulty lies in diagnosing OOD images, including complex lesions, rare diseases, or
previously unseen abnormalities.'® For in-distribution or simple lesions, the UIOS model
provides confident predictions with uncertainty scores well below the threshold, similar to
conventional Al models. However, when confronted with OOD lesions, traditional Al
models often produce confident predictions constrained to predefined categories. In
contrast, the UIOS models generate predictions accompanied by elevated uncertainty
scores, prompting clinician review. The UIOS+6 model represents the task-specific
integration of classification, uncertainty estimation, and class-wise rejection calibration
into a unified and clinically deployable framework for infantile fundus image analysis. This
design better aligns with clinicians’ hierarchical diagnostic reasoning and may reduce Al-
induced diagnostic errors. Notably, images with uncertainty scores exceeding the
threshold were predominantly those with poor image quality or blurring, indistinct lesion
features, or multiple concurrent lesions, all of which inherently require additional clinical
review thereby supporting broader clinical adoption of this framework.

Several studies have applied the concepts of uncertainty and open set to the

intelligent diagnosis of adult fundus diseases, achieving widespread recognition.'%-20



However, these approaches have predominantly relied on a ResNet-50 backbone and
evidential deep learning for classification and uncertainty estimation. Given that YOLOv8
represents a more recent mainstream vision architecture with superior feature extraction
and multi-scale representation capabilities,?”?8 we adopted a YOLOvV8 backbone while
retaining Dirichlet evidential modeling at the output layer to generate class probabilities
and uncertainty estimates. Regarding thresholding, prior approaches typically relied on a
single global uncertainty threshold to assess prediction reliability. In real-world screening
scenarios, however, the estimation of such a global threshold is often dominated by
common and easy-to-classify samples, resulting in an overly permissive threshold and
insufficient reliability control for rare and challenging samples. To address this limitation,
we proposed a class-adaptive thresholding mechanism, in which class-specific
uncertainty thresholds were derived from ROC analysis on the validation set and
subsequently applied during testing to assess prediction reliability. This enabled more
reliable prediction assessment and enhanced the clinical applicability of the Al system in
routine practice. With the UIOS+6 model, most normal and mildly abnormal images fell
below the threshold, whereas a higher proportion of severe lesions exceeded it (Table S3)
and were therefore referred to clinical review. This demonstrated effective triage capability,
reducing unnecessary clinician workload while ensuring that critical cases are not missed.

Heatmap visualizations showed that the UIOS-Y model consistently focused on

clinically relevant regions across diverse infantile fundus abnormalities. The strong



alignment between model attention and established lesion characteristics supports the
interpretability of the UIOS-Y model and enhances clinical confidence in its decision-
making, thereby facilitating safer integration into real-world practice.

Recently, numerous studies have explored the application of Al chatbots in assisting
intelligent diagnosis and management of ocular diseases.?*3! However, their capability in
identifying infantile fundus abnormalities remains largely unexplored. From these
comparisons, we found that the UIOS models significantly outperformed Gemini-3.0 Pro
and ChatGPT-5.2. The diagnostic performance of Al chatbots was comparable to that of
resident ophthalmologists. These findings suggest that, although Al chatbots
demonstrate substantial potential as intelligent assistants across diverse domains, their
performance remains limited in highly specialized fields, particularly pediatric
ophthalmology. This gap highlights the importance of developing task-specific Al systems
to identify abnormalities in infants. However, this is only an exploratory analysis based on
110 images, and as Al chatbot capabilities continue to evolve, further validation using
larger, real-time datasets is warranted.

WeChat is the most widely used digital platform in China and is extensively integrated
in both daily life and professional practice.®?** We aim to integrate the Al system into
WeChat to substantially enhance accessibility and user convenience, thereby enabling
broad adoption across diverse user groups. This approach enhances practical usability

and provides researchers a novel and accessible way to apply Al models.® In parallel, a



user-friendly web-based platform is under development to support clinicians and
international users who do not routinely use WeChat. This strategy is designed to provide
a flexible and inclusive framework for facilitating screening of infantile fundus
abnormalities by healthcare professionals.

With the rapid proliferation of Al models, many Al models have been developed and
validated on relatively small datasets,3¢3" limiting their performance and real-world
applicability. Consequently, large-scale data are essential for robust model development.
However, the limited availability of expert clinician poses a substantial bottleneck for high-
quality medical image labeling.®® To address this challenge, we initially trained an Al
system using a small-sample dataset of approximately 1,000 images per category , which
was subsequently used to pre-classify large-scale data. These pre-labeled data were then
reviewed and corrected by clinicians, significantly reducing the time required for manual
labeling of large-scale datasets in medical Al applications. Using this workflow, we
constructed the largest infantile fundus image dataset to date, comprising 319,998
images from 15,647 infants, and developed our Al system. Leveraging this large-scale
dataset substantially enhances model robustness compared with earlier Al models,3%4°
and provides a valuable reference for scalable data labeling.

This study is based on real-world data accumulated over 20 years of routine clinical
practice. Unlike Al models trained on short-term datasets, our models capture real-world

disease prevalence, variability in image quality and severity, and inter-center



heterogeneity encountered in daily clinical settings. As a result, the model is better aligned
with clinical reality, enhancing robustness, generalizability, and translational potential for
clinical deployment, and providing a reliable foundation for sustainable Al-assisted
screening and management of infantile fundus diseases.

This study has several limitations that warrant further investigation. First, although
the UIOS model achieved accurate identification of multiple fundus abnormalities, 40.0%
of samples in the public dataset exhibited uncertainty scores above the threshold. This
may stem from variations in imaging devices and populations. Future work will integrate
multicenter data from diverse imaging systems and populations to further improve
generalizability. Second, the image-level evaluation framework used in this study may
not fully capture clinical decision-making at the eye or patient level, underscoring the need
for more clinically relevant evaluation strategies. Third,, despite leveraging the largest
dataset to date, imbalance of the data distribution across different fundus abnormalities
persisted, leading to superior performance for more common diseases. In addition,
comparisons with several modern architectures, such as ConvNeXt, ResNeXt, and
Transformer-based models, were not included, potentially limiting the interpretation of the
architectural contribution of the current framework. Future efforts should focus on
optimizing model architectures and improving performance for rare fundus abnormalities
to achieve more equitable and clinically robust results. Fourth, the current OOD

evaluations were primarily conducted using several representative images and may not



fully reflect real-world clinical scenarios. In addition, the current system has not been
validated in prospective clinical settings. Therefore, further real-world studies are needed
to evaluate the robustness, generalizability, and clinical decision-support efficiency of the
framework. Fifth, the clinician-Al chatbot comparison is an exploratory analysis based on
110 images. Further validation using larger real-world datasets is warranted to better
assess the performance differences. Finally, the WeChat application and web-based
platform remain in early stages of preliminary deployment profiling, and further work is
needed to establish effective strategies for real-world implementation.

In conclusion, the UIOS model demonstrates robust performance in identifying
infantile fundus abnormalities from fundus images while effectively flagging uncertain
samples for clinician review, thereby reducing diagnostic errors. Its strong performance
supports its potential clinical utility in real-world Al-assisted pediatric ophthalmic

screening.

Methods

Participant details

The study adhered to the principles of the Declaration of Helsinki and was approved by
the Institutional Review Board of Shenzhen Eye Hospital (IRB No. 2025KYPJ098).
Informed consent was waived due to the retrospective nature of the study. All images

were de-identified prior to the analysis.



Multicenter fundus images collected between 2005 and 2023 were retrieved from the
Eyecare-Cloud platform, which we established for large-scale, multimodal data storage.??
These images were primarily obtained from multiple clinical centers in Guangdong,
Guangxi, and Sichuan provinces and were mainly used for Al system development,
validation, and internal testing. In addition, fundus images from three independent clinical
centers (FJPH, KMCH, and PUPH) and two publicly available datasets (FARFUM-RoP
and Ostrava-ROP) were collected for external testing of the Al system.

All images underwent standardized data analysis, including deduplication and label
verification. Images with insufficient quality for lesion classification, including those
affected by severe artifacts, overexposure or underexposure, and blurred, were excluded.
Only images of adequate quality suitable for lesion classification were included in this

study. Image screening was conducted using a human-Al collaborative framework.

Development of human-Al collaborative models

Based on different clinical task requirements, a hierarchical multi-task pretraining
framework was established, progressing from image quality control to coarse
classification and finally to fine-grained classification. Specifically, a ConvNeXt-based
binary classification model was developed to categorize images into acceptable and
unacceptable groups. ResNet-50 was adopted as the backbone network to perform

successive pretraining tasks, including normal/abnormal binary classification, and multi-



class classification covering 11 categories.*’ Normal images, which constitute the largest
category, were grouped and subsequently underwent rapid double review by two retinal
ophthalmologists with over 10 years of experience in pediatric retinal diseases. Inter-
observer agreement was assessed on a randomly selected subset of 110 images (10 per
category), yielding a Cohen’s kappa coefficient of 0.84. During this process, any
remaining unacceptable-quality images were excluded, and misclassified abnormal
images were corrected accordingly. For images identified as abnormal, a multi-class
classification framework was applied to assign them into 11 categories. The resulting
labels were jointly reviewed and confirmed by the two ophthalmologists. Discrepancies
were resolved through discussion, and an experienced retinal expert served as
adjudicator when consensus could not be reached. Images without a definitive label after
expert review were excluded. Therefore, clinicians labeled images pre-classified by Al
models rather than original data, substantially reducing the manual labeling burden in
large-scale datasets.*?

Finally, a total of 319,998 fundus images from 15,647 infants were included for the
development, validation, internal and external testing of the Al models. The dataset
comprised 11 categories: normal (Class 01), retinal fold (Class 02), retinoblastoma (Class
03), A-ROP (Class 04), ROP stages 1-2 (Class 05), ROP stage 3 (Class 06), ROP stages
4-5 (Class 07), laser scars (Class 08), Coats’ disease (Class 09), chorioretinal coloboma

(Class 10), and retinal hemorrhage (Class 11).



In addition, this study included 6,299 images from 1,978 participants across multiple
modalities as OOD samples for Al model validation. FFA images from 73 participants (597
images), fundus images from 32 participants (331 images), OCTA images from 276
participants (588 images), SLO images from 195 participants (2,564 images), fundus
images with Clarus 500 device from 1,107 participants (1,107 images), anterior segment
images from 263 participants (1,074 images), and 38 RetCam fundus images from 32

infants (38 images) were collected (Table S5).

Development of large-scale Al models

An 11-class classification model for infantile fundus images was developed using the
YOLOv8m framework, with a ResNet-50-based model implemented as a benchmark for
comparison.'® All images were split into training, validation, and test sets in a 6: 2: 2 ratio.
The YOLOv8m backbone was initialized from a pretrained classification network, with the
original head removed and replaced by a lightweight custom classification head
comprising an adaptive average pooling layer, a flattening layer, and a fully connected
layer with 11 output units to generate the final logits.

All images were resized to 256 X 256 pixels and normalized using ImageNet channel
statistics (mean = [0.485, 0.456, 0.406], standard deviation = [0.229, 0.224, 0.225]).
Random horizontal flipping (probability 0.5) was applied during training to increase

robustness to viewing-angle variations, whereas validation and test images were



processed using only resizing and normalization. Training was performed with a batch
size of 64 for a total of 50 epochs using a two-stage optimization strategy. In Stage 1
(epochs 1-5), the backbone was frozen and only the classification head was trained using
the Adam optimizer with a learning rate of 3 X104 and a weight decay of 1 X 10, In Stage
2 (from epoch 6 onward), the entire network was unfrozen and jointly optimized using a
unified learning rate of 1X10*. Experiments were conducted on a Windows workstation
equipped with an NVIDIA GeForce RTX 4060 Ti GPU (CUDA Toolkit 12.6), 32 GB DDR4
RAM (3200 MHz), and SSD storage.

To enable uncertainty estimation, the output logits were further used to construct a
Dirichlet-based evidential representation. Specifically, logits were transformed into non-
negative evidence values via the softplus function, and the Dirichlet parameters were
computed as a, = evidence, + 1. The total evidence was defined as S = Y11, a,, and

ity Sample-level uncertainty was quantified

the Dirichlet mean was computed as b, = S

as u =§, where C denotes the number of classes, with larger u indicating higher

predictive uncertainty.

The training objective comprised two components: (1) a temperature-annealed

cross-entropy loss, where the temperature varies linearly with the epoch index t according
to T=0.01+0.99- % thereby sharpening logits in the early stage to accelerate head

convergence; (2) a Dirichlet-Evidential regularization term, comprising a Dirichlet-CE loss

and a KL-divergence term toward a uniform prior, with its annealing coefficient increasing



gradually during training. This regularization weight was set to 0 during the warm-up stage
and fixed at 0.5 during full-network fine-tuning.

After model training, class-wise adaptive uncertainty thresholds were constructed
using the validation set to determine the reliability of predictions. Specifically, the
uncertainty value u was calculated for all validation samples, and an error label (err = 0/1)
was assigned according to whether the model’s prediction was correct. Samples were
then grouped by their true class, and for each class, an ROC curve was generated using
u as the score and err as the binary indicator. The optimal threshold 6. was determined
by maximizing the Youden index; if a valid ROC could not be formed (e.g., the model
predicted all samples correctly), the 75th percentile of that class’s u distribution was used
as a fallback threshold. This process yielded a set of 11 class-specific thresholds

0y, 04,...,610. During testing, the threshold corresponding to the predicted class y was
selected, and predictions with u < 65 were regarded as reliable, whereas those with u >
85 were considered unreliable. Key resources used for the development of the ResNet-
50, YOLOVS8, and UIOS models were summarized in Table S6.
Comparison of UIOS models with Al chatbots

We compared the UIOS models with Gemini-3.0 Pro, ChatGPT-5.2, and three
clinicians (one retinal specialist, one attending ophthalmologist, and one resident
physician) in identifying infantile fundus abnormalities. Three clinicians independently
evaluated 110 images. For Gemini-3.0 Pro and ChatGPT-5.2, the same images were
input individually. All comparators performed an 11-category single-label diagnosis task,
and no non-image clinical context was provided. Al models were evaluated using the

same protocol as in the testing phases.



Quantification and statistical analysis

Classification performance was evaluated using accuracy, precision, recall,
specificity, F1-score, ROC curve, and AUC. The reported average AUC, accuracy,
precision, recall, specificity, and F1-score in this study refer to the macro-averaged
metrics. All metrics were calculated based on true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN).43

Statistical analyses were performed using R (version 4.5.1; R Foundation for
Statistical Computing, Vienna, Austria). Categorical variables were summarized as counts
and percentages. Performance differences among Al models, Al chatbots, and clinicians
were assessed using a logistic mixed-effects model, accounting for the paired design.
The binary outcome (true/false) was modeled with each comparator as a fixed effect and
image ID as a random intercept to account for within-image correlation. For images
exceeding the uncertainty threshold (UIOS-Y+8), the mixed-effects framework was used,
which accommodates incomplete data under the missing-at-random assumption. After
confirming a significant overall comparator effect, pairwise comparisons were conducted
using estimated marginal means derived from the fitted model. The Tukey method was
applied to adjust for multiple comparisons. A p value < 0.05 was considered statistically
significant.
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Fig. 2. The ROC curves of UIOS-Y and UIOS-R models on internal and external datasets.
AUC, area under the receiver operating characteristic curve; ROC, receiver operating

characteristic; UIOS, uncertainty-inspired open-set.
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Fig. 3. Representative cases of image classification by UIOS-Y and UIOS-R. Panels (a-

c) show three cases where UIOS-Y provided correct diagnoses, while UIOS-R



misclassified the images. These inconsistencies arise from multiple coexisting features
within the same images. In panel a, the blue arrow indicates A-ROP characteristics, while
the yellow circle shows stage 2-3 ROP characteristics. In panel b, the blue arrow marks
A-ROP features alongside stage 2 ROP changes in the temporal retina. In panel c, the

blue arrow points to severe plus disease, which may lead to a stage 3 ROP classification.
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Fig. 4. Comparisons of classification accuracy among UIOS-Y based models, Al chatbots,
and clinicians. (a) Overall classification accuracy (%) across different diagnostic agents,
including UIOS-Y, UIOS-Y+6, retinal specialist, attending doctor, resident doctor, Gemini-
3.0 Pro, and ChatGPT-5.2. (b) Correct prediction counts for each diagnostic agent across
11 disease categories. Each cell represents the number of correctly classified cases
within a given class (maximum=10 per class), illustrating the consistency and robustness
of the UIOS-Y models. Class 01, Normal; Class 02, Retinal fold; Class 03, Retinoblastoma;
Class 04, A-ROP; Class 05, ROP stages 1-2; Class 06, ROP stage 3; Class 07, ROP
stages 4-5; Class 08, Laser scars; Class 09, Coats’ disease; Class 10, Chorioretinal

coloboma; and Class 11, Hemorrhage.



Fig. 5. Heatmaps for demonstration of typical features for each category. a. Retinal fold;
b. Retinoblastoma; c. A-ROP; d. ROP stages 1-2; e. ROP stage 3; f. ROP stages 5; g.

Laser scars; h. Coats’ disease; i. Chorioretinal coloboma; j. Hemorrhage.
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Fig. 6. Overview of the “Fundus Disease Screening Platform” WeChat Mini Program. The

program features a straightforward screening workflow and a user-friendly interface, and



provides outputs including diagnostic results, disease severity for referral decision-
making, and uncertainty estimates. a: Login interface, b-d: Select images, e: Automatic

output of diagnostic results, f: The program automatically records it in the history to

facilitate follow-up.



