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Abstract

Purpose We developed an Infant Retinal Intelligent Diagnosis System (IRIDS), an automated system to aid early diagnosis
and monitoring of infantile fundus diseases and health conditions to satisfy urgent needs of ophthalmologists.

Methods We developed IRIDS by combining convolutional neural networks and transformer structures, using a dataset of
7697 retinal images (1089 infants) from four hospitals. It identifies nine fundus diseases and conditions, namely, retinopathy
of prematurity (ROP) (mild ROP, moderate ROP, and severe ROP), retinoblastoma (RB), retinitis pigmentosa (RP), Coats
disease, coloboma of the choroid, congenital retinal fold (CRF), and normal. IRIDS also includes depth attention modules,
ResNet-18 (Res-18), and Multi-Axis Vision Transformer (MaxViT). Performance was compared to that of ophthalmologists
using 450 retinal images. The IRIDS employed a five-fold cross-validation approach to generate the classification results.
Results Several baseline models achieved the following metrics: accuracy, precision, recall, F1-score (F1), kappa, and area
under the receiver operating characteristic curve (AUC) with best values of 94.62% (95% CI, 94.34%-94.90%), 94.07% (95%
ClI, 93.32%-94.82%), 90.56% (95% CI, 88.64%-92.48%), 92.34% (95% CI, 91.87%-92.81%), 91.15% (95% CI, 90.37%-
91.93%), and 99.08% (95% CI, 99.07%-99.09%), respectively. In comparison, IRIDS showed promising results compared to
ophthalmologists, demonstrating an average accuracy, precision, recall, F1, kappa, and AUC of 96.45% (95% CI, 96.37%-
96.53%), 95.86% (95% CI, 94.56%-97.16%), 94.37% (95% CI, 93.95%-94.79%), 95.03% (95% CI, 94.45%-95.61%), 94.43%
(95% CI, 93.96%-94.90%), and 99.51% (95% CI, 99.51%-99.51%), respectively, in multi-label classification on the test
dataset, utilizing the Res-18 and MaxViT models. These results suggest that, particularly in terms of AUC, IRIDS achieved
performance that warrants further investigation for the detection of retinal abnormalities.

Conclusions IRIDS identifies nine infantile fundus diseases and conditions accurately. It may aid non-ophthalmologist per-
sonnel in underserved areas in infantile fundus disease screening. Thus, preventing severe complications. The IRIDS serves
as an example of artificial intelligence integration into ophthalmology to achieve better outcomes in predictive, preventive,
and personalized medicine (PPPM / 3PM) in the treatment of infantile fundus diseases.
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ROC Receiver operating characteristic

ROP Retinopathy of prematurity

RP Retinitis pigmentosa

Res-18 ResNet-18

SGD Stochastic gradient descent

T-SNE T-distributed stochastic neighbor
embedding

Introduction

Early diagnosis and treatment of infantile fundus diseases
and conditions are key factors in improving the quality of
life for infants and their families. Common infantile fundus
diseases include retinopathy of prematurity (ROP) [1], Coats
disease [2, 3], retinoblastoma (RB) [4], retinitis pigmentosa
(RP) [5], coloboma of the choroid [6], congenital retinal
fold (CRF) [7] and familial exudative vitreoretinopathy [8].
Delayed diagnosis and management of these conditions can
lead to reduced treatment effectiveness and the potential
for severe, sometimes irreversible structural and functional
complications, such as refractive errors, night blindness,
strabismus, and neovascular glaucoma [2, 9]. Identifying
high-risk individuals is a vital step in preventing these seri-
ous complications, as emphasized in the European Associa-
tion for Predictive, Preventive and Personalized Medicine
(EPMA) white paper [10].

ROP, a typical example of an infantile fundus abnormal-
ity, is a leading cause of visual impairment and blindness in
early life, requiring timely diagnosis and intervention [11].
Approximately 8000 new infants of infantile RB world-
wide require enucleation surgery every year [12—14]. Due
to the relative rarity of some fundus diseases in infants,
even when encountered, making an accurate diagnosis in
certain children’s hospitals, and maternal and child health
hospitals, may be challenging. This can have detrimental
consequences not only for individuals and their families
but also for society at large. However, numerous under-
served areas worldwide lack access to experienced oph-
thalmologists [15], placing infants with fundus diseases at
immediate risk. It is critical to develop a unique strategy
that adheres to the PPPM/3PM principles for early detec-
tion of infants with fundus diseases [16]. Therefore, the
latest technological innovations in digital computing can
be applied to develop an effective automated diagnostic
tool for the early diagnosis and management of infantile
fundus diseases.

Deep learning (DL) is a mature yet continuously evolv-
ing technology, especially in the realm of computer-aided
diagnosis of human diseases [17-19]. This frontier contin-
ues to expand into other areas of medicine, such as clinical
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practice, translational medical research, and basic biomedi-
cal research [20-24]. DL has demonstrated notable perfor-
mances in automating the screening and diagnosis of vari-
ous fundus diseases, some of these applications are already
progressing towards clinical implementation [25-29].
Regarding infantile fundus diseases, our team successfully
used DL to identify ROP, zone I of ROP, and A-ROP, effec-
tively applying augmentation algorithms for retinal grading
[30-34]. Most relevant studies have focused on detecting a
single fundus disease using retinal images. Recently, DL-
assisted systems have been developed to detect multiple
fundus diseases [35, 36], including one that utilized a smart-
phone-based wide-field retinal imaging system for classi-
fying multiple diseases in children [37]. It's worth noting
that the above-mentioned studies have primarily focused on
single fundus diseases or examined retinal images of adults
and older children.

Working hypothesis and purpose of the study

No DL studies involving the detection of multiple infan-
tile fundus diseases have been conducted thus far. In clini-
cal practice, especially in remote areas lacking specialized
ophthalmologists, such a multi-disease detection system for
infantile fundus diseases would not only be necessary but
also potentially highly beneficial. Many infantile fundus
diseases are difficult for parents to detect, and they are often
identified when a child seeks treatment for conditions such
as amblyopia at a later age. Moreover, the diagnosis of infan-
tile fundus diseases is challenging, leading to an increased
incidence of severe complications. We hypothesized that uti-
lizing DL models for automatic detection of infantile fundus
diseases through retinal images may improve the diagnostic
rate in infants, prevent the occurrence of severe complica-
tions, and ultimately enhance their quality of life. We believe
that this approach may be effectively applied in clinical set-
tings, providing more accurate and reliable tools for screen-
ing and managing infantile fundus diseases.

To achieve this, we developed an automated disease
detection system for infantile fundus diseases called the
Infantile Retinal Intelligence Diagnosis System (IRIDS). It
can classify nine common infantile fundus diseases and con-
ditions using 7679 retinal images (1089 infants) collected
from hospitals throughout China. We anticipate significant
benefits in improving individual outcomes for preventable
infantile fundus diseases, accompanied by a positive cost-
effectiveness impact on advanced medical services for the
population. This includes the use of innovative DL screen-
ing technologies that utilize predictive disease modeling and
treatment algorithms tailored to each patient's personalized
profile [38].
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Methods
Datasets and labeling

Retinal images from four diverse data sources were collected
to develop and validate the IRIDS. The primary dataset
for training, validation, and testing was collected from the
Department of Ophthalmology, Shenzhen Eye Hospital, Shen-
zhen, Guangdong, China, between April 2004 and January
2021. A smaller portion of the data came from three other
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maternal and child health hospitals in Guangdong Province.
This diagnostic study was approved by the Ethics Committee
of Shenzhen Eye Hospital. All institutions abided by the ten-
ets of the Declaration of Helsinki [39], and written informed
consent was obtained from the parents of all enrolled infants.

The data acquisition and processing methods are shown
in Fig. 1A and Supplementary Fig. 2. All preoperative
images collected from the various data sources underwent
quality screening by two junior ophthalmologists. Initially,
we selected nine prevalent categories based on their high
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Fig.1 Workflow of the overall study and architecture of the IRIDS.
A. Overview of the study protocol. Images were collected from four
clinical centers and filtered by quality assessment. Subsequently, the
data was processed by IRIDS, and finally, an ophthalmologists-IRIDS
comparison was conducted. B. The architecture of the IRIDS. The
IRIDS consists of two branches: CNNs and Transformers. The model
employs four-stage Transformer modules to extract global features,
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and the ResNet-34 with residual blocks is selected to extract local
features. The extracted features are fused by the depth attention mod-
ule to fully represent the specific features related to different diseases.
C. Illustration of the used blocks. (a)-(c) represent the module of the
Res_block, Transformer block, and Depth attention fusion module,
respectively
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incidence and substantial clinical data availability in our
database. This ensured statistically robust and meaningful
analysis while maintaining analytical validity by excluding
categories that were less common or had inadequate data.
To maintain a balance among different categories, not all the
images were included in the database. For example, if there
were too many ROP images, only a representative portion
was included to ensure data diversity while still ensuring the
total number of images was adequate. In the second phase,
the included images were discarded if they were unclear, too
dark, or too bright or if the image quality was poor. This rig-
orous selection process led to the exclusion of 9500 images.
Consequently, a final dataset comprising 7697 images (1089
infants) was included for the study. The images included in
our study were independently diagnosed (labeled) by two
trained junior ophthalmologists. In our study, 'label’ refers to
the specific diagnosis assigned to each image. In instances
of discrepancies between the labels provided by these two
junior ophthalmologists, we sought the evaluation of a sen-
ior ophthalmologist to make the final say. The images with
unanimous labels from the two junior ophthalmologists or
recognized by the senior ophthalmologist were included in
our study. This stringent selection process was implemented to
ensure the accuracy of classification by the IRIDS algorithms.
Images with conflicting labels underwent review by a senior
ophthalmologist, and in cases of uncertainty, the final label
was determined by an experienced retinal specialist. Finally,
images with agreed-upon labels were retained for training,
validation, and test datasets for the automated system.

Classification

All retinal images were classified into nine primary classes/sub-
classes of diseases and conditions (Table 1 and Supplementary

Fig. 1) according to fundus signs described in Pediatric Retina
[40]. Our categorization approach was inspired and informed
by the methodology used by Cen LP et al. [36] in their study
of adult fundus diseases, adapted here for pediatric conditions.
Common fundus diseases with distinct retinal characteristics
recognizable on retinal images were classified as independent
major classes. To account for real-world scenarios, we included
normal retinal images. These major classes included normal,
Coats’ disease, choroid coloboma, RB, RP, CRF, and ROP.

Some diseases share similar characteristics and are not
easily distinguishable solely through fundus images. For
instance, the symptoms of infants with stage 1 or 2 ROP
are milder than those in other stages. To address this, we
clustered them together and classified them as “mild” ROP.
Likewise, infants with stage 3 ROP are more likely to require
treatment with laser photocoagulation or intravitreal injec-
tion of anti-vascular endothelial growth factor than infants
with mild ROP; thus, we classified this stage as “moderate”
ROP. Infants with stage 4 and 5 ROP typically require vitrec-
tomy and/or other surgical treatments, so we clustered them
together and classified as “severe” ROP.

Following this clustering, the nine types of diseases and
conditions were divided into seven main classes and three
subclasses. Each class was assigned a unique class identity
number (ID) (Table 1).

Architecture of the IRIDS

The workflow and architecture of the IRIDS are shown in
Fig. 1B and C. Convolutional neural networks (CNNs) mainly
focus on local features, which leads to an inadequate represen-
tation of the global features, whereas the transformer network
pays more attention to the extraction of global features. As a
result, the classification performance was limited when only

Table 1 Brief descriptions of features in retinal images of diseases and conditions

ID Diseases/conditions Brief descriptions of retinal images

0  Normal

The optic disc was red with clear borders, a C/D ratio of approximately 0.2, a normal foveal reflex in the macular

region, a flat retina, and normal retinal vascular morphology

1 Coats

Visible distortion of retinal vessels, irregular cystic dilatation or beading, retinal punctate or patchy hemorrhages, and

massive yellow-white fatty exudates in the deep and subretinal layers

2 Coloboma

Defects are visible in the retina, with clear boundaries and different shapes and sizes. Retinal blood vessels can be

seen crawling in the defect area, and white sclera is exposed

3 RB Clear borders, single or multiple lesions, white or yellow nodular bulges, uneven surface, and different sizes

4 RP Mid-peripheral RPE atrophy with bone-spicule perivascular pigmentation, arteriorlar attenuation and waxy disc pallor
5 CRF Raised retinal folds that start from the optic disc and often extend to the surrounding retina

6 ROP

6.1 Mild ROP ROP stage 1 and stage 2, the demarcation line is relatively flat and white, lies within the plane of the retina; the ridge

may vary in height and its color may appear to range from white to pink

6.2 Moderate ROP
rior ridge, or proliferates

6.3 Severe ROP

ROP stage 3, extraretinal neovascularization extends from the ridge to the vitreous and is continuous with the poste-

ROP stage 4 and stage 5, retinal detachment, include partial retinal detachment and total retinal detachment

RB Retinoblastoma, RP retinitis pigmentosa, CRF congenital retinal fold, ROP retinopathy of prematurity
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one structure was used to extract features from the analyzed
images. Hence, we applied a hybrid model that combines
CNNs and transformer structures, as shown in Fig. 1B. Res-
Blocks were derived from the ResNet-18 (Res-18) model [41],
which is represented as a residual block. A residual block is
defined as shown in Fig. 1C (a). The transformer blocks used
were the same as those of the Multi-Axis Vision Transformer
(MaxViT) [42], whose main transformer structure is shown
in Fig. 1C (b). After obtaining high-level features from the
Res-blocks and Transformer blocks, we used the depth-atten-
tion fusion module to fuse the local and global features from
the paths of the ResNet and MaxViT modules, as illustrated
in Fig. 1C (c). Thus, the entire network can express features
related to each specific disease and focus on extracting key
features for each condition.

The Pytorch library was used to train and test the datasets
in all the models. An NVIDIA TITAN XP GPU was used
to accelerate the training and testing. The Adam with the
betas =(0.9, 0.997), Epsilon (eps) = 10~® was chosen as the
optimizer for the student network. The discriminators used
stochastic gradient descent (SGD) as the optimizer with a
momentum of 0.9 and a weight decay of 5x 107>. The initial
learning rates of the student and discriminator networks were
set to 0.001 and then multiplied by 0.1 every 20 epochs. The
maximum epoch was set to 100, and the size of the mini-batch
was set to 16. All images were resized to 224 x 224 pixels and
used as inputs for all networks.

Comparison of IRIDS performance
with that of ophthalmologists

To compare the performance between the IRIDS and oph-
thalmologists with clinical experience with fundus diseases,
two retinal specialists with 10 to 15 years of clinical experi-
ence and two senior ophthalmologists with 5 to 10 years of
experience were invited to independently classify the same
images in the reader study. For this comparison, we used an
additional dataset of 450 retinal images (45 infants) obtained
from Shenzhen Eye Hospital in 2022. This dataset included
both subclass and main class categories, with 50 images (5
infants) in each category.

Statistical analysis

We evaluated the performance of the IRIDS model using
several performance metrics, including accuracy, precision,
recall, kappa, area under the receiver operating character-
istic curve (AUC), and F1-score (F1). Accuracy was calcu-
lated as the ratio of correctly predicted images (true posi-
tives and true negatives) to the total number of predictions
(true positives, false negatives, false positives, and true
negatives). Precision represents the proportion of true posi-
tive predictions out of all positive predictions. Recall, also

referred to as sensitivity, measures the proportion of true
positive predictions out of all actual positive samples. By
contrast, kappa, measures the level of agreement between
the observed accuracy (p0) and accidental agreement (pe)
that could occur by chance.

To calculate these metrics, we utilized the below formulas:

Accuracy : (TP +TN)/(TP + FN + FP + TN)
Precision : TP/(TP + FP)
Recall : TP/(TP + FN)

Kappa : (p0 — pe)/(1 — pe)

TP, TN, FP, FN, and TN represent true positives, true
negatives, false positives, false negatives, true negatives,
respectively. p0 is the accuracy of prediction and pe is the
accidental consistency.

Specifically, we employed a fivefold cross-validation
technique to obtain the classification results for all catego-
ries, and these metrics were calculated and analyzed for each
fold to evaluate the overall performance of the model. N-out-
of-N bootstrapping was used to estimate the 95% ClIs of the
performance metrics at the image level, providing a statisti-
cal measure of the reliability of these metrics.

Results

Data characteristics and prediction system
architecture

The entire workflow, simplified architecture of the IRIDS, and
primary dataset processing flow are shown in Fig. 1A, B, and
Supplementary Fig. 2. A total of 7697 images (1089 infants)
were collected for model training (80%) and testing (20%).
Among the 7697 images, 3006 exhibited normal conditions,
326 exhibited Coats, 562 exhibited coloboma, 1013 exhibited
RB, 179 exhibited RP, 561 exhibited CRF, 1028 exhibited
mild ROP, 667 exhibited moderate ROP, and 355 exhibited
severe ROP (Supplementary Table 1).

Performance in data test

First, we conducted several comparative experiments using
baseline models (Res-18, Res-34, Res-50, ViT-small,
RegionViT, and MaxViT) [41-44]. The classification
results are listed in Table 2. The Res-18 model achieved
the best classification performance among the CNN models
(Table 2). Among the Transformer models, the MaxViT
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Table 2 The classification

rosults of different baseline Method Accuracy Precision Recall F1-score Kappa AUC
roathods (%), The values atside (95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)
and inside the brackets represent  Reg-18 93.19 90.62 87.08 88.90 86.93 99.12
the mean value and variance, (92.41-93.97) (84.54-96.70) (82.99-91.16) (86.71-91.09) (84.63-89.23) (99.12-99.12)
respectively Res-34  93.01 91.60 86.19 88.76 87.20 98.98
(92.43-93.59) (89.77-93.43) (81.50-90.88) (86.98-90.54) (86.34-88.06) (98.98-98.98)
Res-50 92.69 90.73 87.68 89.21 87.01 98.27
(92.02-93.36) (89.76-91.70) (86.74-88.62) (88.57-89.85) (86.37-87.65) (98.26-98.28)
ViT-small 92.37 90.19 89.97 90.02 88.56 98.82
(92.31-92.43) (90.05-90.33) (89.72-90.22) (89.94-90.10) (88.39-88.73) (98.82-98.82)
RegionViT 90.25 87.69 83.38 85.48 83.51 98.04
(90.17-90.33) (87.50-87.88) (82.99-83.77) (85.29-85.67) (83.32-83.70) (97.98-98.09)
MaxViT  94.62 94.07 90.56 92.34 91.15 99.08

(94.34-94.90)

(93.32-94.82)

(88.64-92.48)

(91.87-92.81)

(90.37-91.93)

(99.07-99.09)

model achieved the highest accuracy and precision for all
classification metrics. Therefore, the Res-18 model was
selected to extract the local contextual feature information,
and considering its low complexity and high classification
performance, the MaxViT model was utilized to extract the
global features. In addition, we plotted receiver operating
characteristic (ROC) curves for these baseline methods to
compare the performance of the models. From this, we
found that the Res-18 and Max Vit models achieved the best
performance (Fig. 2A).

Performance in the advanced test

Through experiments comparing baseline methods, the
Res-18 and MaxViT models were chosen as the main
structures to build the IRIDS. To fuse the extracted fea-
tures from the Res-blocks and Transformer blocks, we
employed a depth attention (DA) fusion module to effi-
ciently fuse high-level features. To verify the effective-
ness of the used modules of IRIDS, we conducted abla-
tion experiments in terms of sub-networks and modules.
Hence, the IRIDS consisted of the Res-18, MaxViT, and
DA modules. The experimental results are presented in
Table 3. Our proposed method achieved the best clas-
sification performance, with accuracy, precision, recall,
F1-score, Kappa, and AUC of 96.45% (95% CI, 96.37%-
96.53%), 95.86% (95% CI, 94.56%-97.16%), 94.37% (95%
CI, 93.95%-94.79%), 95.03% (95% Cl, 94.45%-95.61%),
94.43% (95% CI, 93.96%-94.90%), and 99.51% (95% CI,
99.51%-99.51%), respectively.

We observed that the IRIDS achieved the best ROC per-
formance and the highest AUC for each disease in terms of
all evaluation metrics (Figs. 2B and 3A). Specifically, for RP
and CRF, the proposed method's correct prediction probabil-
ity exceeded that of other comparison methods by at least
five percentage points. All images in the normal category
were correctly detected using our method.
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T-distributed stochastic neighbor embedding
(T-SNE) visualization

We conducted t-SNE visualization to prove the effectiveness
of the extracted features of our proposed method by apply-
ing the features of the last feature extraction layer to all the
comparison methods, as shown in Fig. 3B. We observed that
all predicted categories were better separated by our method
than by the other methods (Fig. 3B).

Comparison of IRIDS with ophthalmologists

The results of the comparison between the IRIDS and oph-
thalmologists are shown in Fig. 2B. For the diagnosis of six
main classes of fundus disease, the AUC of the IRIDS was
higher than or equal to that of retinal specialists for three
of the six diseases (Coats, Coloboma, and RB). The IRIDS
achieved an AUC comparable to that of retinal specialists
for other fundus diseases (RP, ROP, and CRF). The IRIDS
showed a superior AUC compared to senior ophthalmolo-
gists for the six main classes.

In addition, we performed a human—-machine com-
parison of the ROP staging model (Fig. 2C and Sup-
plementary Table 2). The results of the IRIDS were bet-
ter than those of the ophthalmologists for severe ROP,
but for the other categories of ROP, the difference was
insignificant.

Fig.2 ROC curves of each of the deep learning methods analyzed »
in this study. A. ROC curves of the different baseline methods. (a)-
(f) represent the Res-18, Res-34, Res-50, ViT-small, RegionViT and
MaxViT models, respectively. B. The ROC curves of the compari-
son methods for the main classes of diseases and conditions. (a)-(f)
represent the Coats, Coloboma, RB, ROP, RP, and CRF categories,
respectively. C. The ROC curves of the comparison methods for ROP
staging. (a)-(c) represent the Mild, Moderate, and Severe conditions,
respectively
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Table 3 The ablation experiments of the proposed model (%). The values outside and inside of the brackets represent the mean value and vari-

ance, respectively

Method Accuracy Precision Recall Fl-score Kappa AUC
(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)
Res-18 93.19 90.62 87.08 88.90 86.93 99.12
(92.41-93.67) (84.54-96.70) (83.00-91.16) (86.71-91.09) (84.63-89.23) (99.12-99.12)
MaxViT 94.62 94.07 90.56 92.34 91.15 99.08
(94.34-94.90) (93.32-94.82) (88.64-92.48) (91.87-92.81) (90.37-91.93) (99.07-99.09)
Res-18 + MaxViT 95.64 96.58 90.77 93.56 92.50 99.39
(0.02) (0.09) (0.30) (0.08) (0.16) (99.39-99.39)
Res-18 + MaxViT + DA 96.45 95.86 94.37 95.03 94.43 99.51
(96.37-96.53) (94.56-97.16) (93.95-94.79) (94.45-95.61) (93.96-94.90) (99.51-99.51)
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Fig.3 Visualization of the classifier performances. A. Confusion
matrixes of different methods. The confusion matrix is a specific
matrix used to present the visualization effect of algorithm perfor-
mance. Each column represents the predicted value and each row
represents the actual category. (a)-(d) represent the Res-18, MaxViT,

Discussion

In this study, we developed the IRIDS model, which auto-
matically identified nine infantile fundus diseases and con-
ditions. By comparing multiple algorithms, we established
that our model had the highest performance, with an AUC of
99.51%. Compared to retinal specialists, the IRIDS exhibits
superior diagnostic accuracy.

We first conducted several comparative experiments using
baseline models, and their results are presented in Table 2.
Finally, we selected the Res-18 and MaxViT models that
combined DA modules as the main structures to build the
IRIDS. The IRIDS was used to analyze data collected from
four hospitals. Despite potential variations in image qual-
ity, imaging techniques, and machine types across these

@ Springer

Res-18+MaxViT and Res-18+MaxViT+DA (Proposed) models,
respectively. B. T-SNE visualization of different methods. (a)-(d)
represent the Res-18, MaxViT, Res-18 + MaxViT and Res-18 + Max-
ViT + DA (Proposed) models, respectively

hospitals, the model achieves the accuracy of 96.45% (95%
CI, 96.37-96.53), which is better than other methods and
indicates its robust adaptability.

Many CNN-based DL methods focus on local feature
extraction, while overlooking valuable information from
the pan-retinal viewing field. To address this issue, a
transformer model was adopted for vision tasks [45-47],
which can be employed to extract long-distance dependent
features from input images. Therefore, the integration of
CNNs and transformer structures within a single model
enables the extraction of both local and global features,
ultimately improving the model's classification perfor-
mance. The inherent opacity of CNNs in image analysis
poses a potential obstacle that hinders clinicians from
adopting DL techniques [48]. However, our model can
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effectively extract key local and global features relevant
to specific diseases, as demonstrated by the results of the
t-SNE analysis. This characteristic allows for an improved
classification performance and provides promising poten-
tial for its clinical applications.

In this study, we investigated the automated detection
of infantile fundus diseases using the IRIDS. We have pre-
viously reported the use of ultrawide-field retinal images
to diagnose ROP [31]. Studies have also been conducted
on the staging of ROP and the diagnosis of RB and RP
in infants [49-51]. However, these studies have mainly
focused on detecting a single infantile fundus disease using
retinal images. Subsequently, an increasing number of stud-
ies have shifted focus towards automating the diagnosis of
multiple fundus diseases. Some studies have aimed to dis-
tinguish among several fundus diseases using a single algo-
rithm [35]. Stevenson et al. [52] developed a multiclass DL
model for detecting fundus diseases using a publicly avail-
able retinal image database. This study demonstrated the
feasibility of developing artificial intelligence (AI) classi-
fiers using standard laptops without prior programming or
Al knowledge. Son et al. [53] used a larger dataset to build
a DL model for detecting 12 retinal abnormalities. The
external testing set in their study achieved an AUC of up to
98%, indicating high performance. Moreover, the model's
interpretable and reliable classification outputs suggest its
potential for clinical use as an automated screening system
for retinal images. However, compared to IRIDS, their sys-
tem primarily focuses on detecting retinal abnormalities
rather than directly diagnosing specific diseases or condi-
tions. Therefore, these models cannot be used directly for
screening. Lin et al. [54] developed a DL-based system that
prospectively evaluated 18,163 color fundus photographs
and detected 14 fundus diseases, achieving an AUC of
0.98. Li et al. [35] developed and prospectively validated a
retinal image-based DL algorithm to simultaneously iden-
tify ten fundus diseases in clinical practice. This is in line
with general screening methods and is practical. Cen et al.
[55] used a large database of 600,000 retinal images to
establish a digital light processing system with a high F1
score, sensitivity, specificity, and AUC for the detection
of 39 fundus diseases and conditions. Ju et al. [56] intro-
duced a novel method that enabled deep neural networks
to learn from a comprehensive fundus database with over
one million images, facilitating the recognition of various
fundus diseases. Gu et al. [57] evaluated the performance
of an AI system in detecting multiple fundus diseases in
real-world scenarios, specifically primary healthcare set-
tings, and achieved high accuracy. However, these studies
only focused on adult fundus diseases and did not include
infantile fundus diseases. IRIDS utilizes non-invasive
retinal images, which are easily obtained, to enable auto-
matic screening for multiple infantile fundus diseases and

conditions. The IRIDS demonstrates high performance,
achieving notable classification results across multiple
evaluation metrics. The accuracy is 96.45% and the AUC
is 99.51% (Figs. 2B and 3A). These findings underscore the
superior clinical applicability and adaptability of IRIDS
compared to existing approaches.

Conclusions, expert recommendations,
outlook in the framework of PPPM/3PM,
and limitations of the study

Conclusions

In summary, the IRIDS utilizes advanced DL capabili-
ties to accurately identify nine infantile fundus diseases
and conditions, demonstrating high diagnostic preci-
sion and reliability. It serves as a pioneering example of
integrating Al into ophthalmology, significantly aiding
non-ophthalmologist personnel in underserved areas for
effective infantile fundus disease screening. By promptly
detecting retinal lesions, the IRIDS may effectively pre-
vent severe complications, thus improving visual out-
comes and the overall quality of life for children and
their families worldwide, especially in regions lacking
retinal specialists. The deployment of IRIDS holds great
promise for enhancing early detection and intervention,
aligning with the goals of PPPM/3PM. Ultimately, this
leads to improved prognosis, better healthcare access,
and outcomes for children in need. The IRIDS exempli-
fies the potential of Al to revolutionize healthcare and
offers a model for future innovations in the field.

Predictive approach

By using the depth-attention fusion module to fuse the
local and global features from the paths of the ResNet
and MaxViT modules, the IRIDS not only achieved auto-
mated screening for multiple infantile fundus conditions
and diseases, but also demonstrated high diagnostic accu-
racy comparable to or better than that of ophthalmolo-
gists, including retinal specialists. As shown in Table 1,
the IRIDS may automatically detect the most common
fundus diseases and conditions in infants, such as Coats’
disease, RB, RP, choroid coloboma, and CRF, with AUC
values close to 1.0, indicating excellent performance. The
high accuracy of our model, which may be due to the strict
dataset selection process [53], was further confirmed by
the high AUC results achieved by the IRIDS, despite the
high imbalance rate, as reported in a study using a mul-
tilabel setting [58]. Within the context of PPPM [38], it
would be advantageous to strive to incorporate this new
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modality into current clinical workflows because it has the
potential to provide more personalized and quantifiable
methods for the diagnosis of multiple infantile diseases.
This further confirms the robustness and reliability of our
model, making it a promising tool for the early detection
and treatment of infantile fundus disease.

Targeted prevention

In the context of prevention [38], due to its outstanding
performance in human—machine comparison, the IRDS
system enables us to identify and promptly treat some
infantile fundus diseases that are prone to be overlooked
or misdiagnosed, even in the absence of retinal specialists.
This helps to prevent further deterioration of the patient’s
condition and to halt the progression of the disease. The
IRIDS is helpful in reducing the burden on ophthalmolo-
gists and improving screening efficiency, especially in less-
developed regions.

Personalization of medical services

We included nine different infantile fundus diseases and
conditions from four hospitals. To address the limitations
of using a single structure to extract features from image
analysis, we employed a hybrid model that combines CNNs
and transformer structures. This hybrid model allows simul-
taneous attention to local and global features. As a result,
the AUC for the classification of the nine disease categories
reached an impressive 99.51%. Consequently, the entire
network may capture disease-specific features and focus
on extracting key features for each condition. Therefore,
IRIDS may diagnose individual infants based on a single
retinal image. Owing to its simplicity and ease of training,
the IRIDS may also be applied in environments where there
are no professional ophthalmologists, potentially helping to
eliminate the problems of underdiagnosis, misdiagnosis, and
overexamination.

Limitations and outlook in the framework
of PPPM/3PM

This study has a few limitations. First, similar to many other
fundus diseases, some infantile fundus diseases lack univer-
sal diagnostic criteria or consensus. Mitigating this issue
can involve referencing multiple authoritative sources or
relevant studies. Second, although we collected data on up
to nine common infantile fundus diseases and conditions,
we did not include all infantile fundus diseases or condi-
tions. Diseases such as familial exudative vitreoretinopa-
thy and retinal detachment were omitted due to insufficient
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image data. Adding an “others” class can be an effective way
to address this limitation. Third, our research dataset was
relatively small and limited to a single geographic region.
Furthermore, this dataset includes only Chinese individuals,
limiting its universal clinical application of the Al system.
Therefore, images from databases in other regions world-
wide should be included to increase diversity and expand
the applicability of the database.

The IRIDS is the first of its kind to automatically rec-
ognize infantile fundus diseases in a non-invasive man-
ner. It also aligns with a crucial aspect of the PPPM/3PM
approach emphasized at the EPMA World Congress 2019,
which focused on customizing and continuously monitoring
patients’ clinical parameters to improve treatment outcomes
[59]. To facilitate the future application of DL in this field,
it is strongly recommended to consider the following points:

1. Ensuring comprehensive detection of infantile fundus
diseases or conditions across a wide range of categories,
while also enabling intelligent clinical diagnosis appli-
cable to each specific category.

2. Enabling comprehensive prediction of disease progres-
sion and facilitating treatment decision assessments
related to clinical settings, enabling early application in
clinical monitoring. Through the PPPM/3PM approach,
IRIDS aims to provide better clinical outcomes for
patients by offering a complete prediction from diagno-
sis to treatment decision.
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