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Abstract 

Background  Previous Artificial Intelligence (AI) models are mainly based on hospital data to predict myopia pro-
gression in myopic children. However, school-level AI models for predicting myopia onset in non-myopic children 
are lacking. There is a need for more precise and comprehensive tools for full myopia management, from the onset 
of myopia to its progression.

Methods  This study was conducted in 870 centers dispersed across seven cities in China from September 2019 
to December 2021, with participants observed for two years. Machine learning models were trained and internally 
validated on datasets from Shenzhen, and then externally tested from the other six cities. Of 1,123,602 children 
and adolescents aged 4–18 years old, 1,105,271 individuals were confirmed eligible. After two-year follow-up, 915,991 
individuals were included in analysis. Data were analyzed from June 2022 to July 2023. Main outcomes and measures 
are the occurrence of myopia, and the change of spherical equivalent refraction in 2 years.

Results  Of 915,991 participants, 405,784 (44.3%) were identified as myopic at baseline. In two years, the occurrence 
of myopia was 45.5% and the overall myopic shift was − 0.97 ± 1.32D. The optimal machine learning models were 
established for predicting myopia occurrence in non-myopic individuals; and predicting progression of any amount 
(defined as an annual progression of < − 0.25D) in myopic individuals. The performance in predicting occurrence 
(AUC 0.962, 95% CI 0.956–0.968) and progression (AUC 0.923, 95% CI 0.912–0.934) were acceptable in the external test 
set. The interactions between age and other variables were revealed by the algorithms, and hence the final predic-
tion models were established based on age segmentation. In the external test set, the performance of the models 
for both 4–11-years (occurrence prediction: AUC 0.978, 95% CI 0.972–0.984; progression prediction: AUC 0.957, 95% CI 
0.951–0.963) and 11–18-years age groups (occurrence prediction: AUC 0.966, 95% CI 0.960–0.972; progression predic-
tion: AUC 0.928, 95% CI 0.917–0.939) were improved. Finally, user-friendly software was developed, which makes this 
model accessible for school use.
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Conclusions  The algorithm developed in the current study for predicting myopia occurrence and progression 
showed excellent performance in school settings using real-world data, indicating its potential application in school-
level myopia management.

Trial registration chictr.org Identifier: ChiCTR2200057391.
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Introduction
Myopia is a global widespread visual issue that com-
mands broad concern [1, 2]. The management of myopia 
assumes paramount importance [3]. Researchers believed 
that the management of myopia should be as early as pos-
sible and therefore have established a series of means for 
early myopia intervention, achieving key progress [4–9].

Despite the significant benefits of early preventive 
intervention for myopia in children, this approach may 
not be necessary for all non-myopic children, as not eve-
ryone will eventually develop myopia [10]. Considering 
the potential adverse events of interventions and cost, 
it is unwise to take measures on all children indiscrimi-
nately [11, 12]; yet, if intervention is delayed, the effec-
tiveness will be greatly reduced [9]. Some researchers 
have realized this paradox and established prediction 
models to identify which children will develop myopia or 
experience rapid myopia progression in the future [13–
16]. The Wenzhou Medical University Essilor Progres-
sion and Onset of Myopia (WEPrOM) study proposed 
a prediction model for the onset of myopia, based on a 
combination of age, gender, parental myopia, refraction, 
axial length (AL), accommodative parameters, near work, 
and outdoor time, achieving a moderate performance 
with an AUC of 0.74 [17]. On the other hand, the North-
ern Ireland Childhood Errors of Refraction (NICER) 
study introduced the Predicting Myopia Onset and pro-
gression (PreMO) risk assessment model, which utilized 
age, parental history of myopia, cycloplegic refraction, 
and AL to predict future myopia onset and progres-
sion [18, 19]. Notably, recently, based on the Collabora-
tive Longitudinal Evaluation of Ethnicity and Refractive 
Error (CLEERE) study, Mutti et  al. established a model 
using cycloplegic refraction, astigmatism, age, sex, and 
race, achieving exceptional results with an AUC of 0.96 
for predicting the onset of myopia in children aged 7–8 
within one year [20]. In addition, based on the CLEERE 
study, the prior change was identified as having limited 
significance for predicting subsequent myopia progres-
sion, providing important guidance for in-depth research 
on myopia prediction models [21].

Artificial intelligence (AI) is an important tool for pre-
dicting various clinical outcomes of diseases and has 
gradually gained the attention of scholars. Lin et al. pro-
posed an AI model to predict myopia progression from 

hospital-level data, achieving relatively superior perfor-
mance compared to traditional models mentioned above 
[16]. However, data relying solely on hospital may pose 
challenges for forecasting myopia occurrence, as non-
myopic individuals are rarely present in hospital settings 
for eye examinations. Afterward, some studies have used 
AI algorithms to predict occurrence based on school-
based data [15, 22]. Despite the valuable insights, these 
studies included a relatively small population, suggest-
ing that there may still be room for optimization of AI 
algorithms.

School is a place where students regularly attend, mak-
ing it a potential setting for early detection and monitor-
ing of myopia occurrence and progression [23]. If myopia 
can be regularly managed within school settings rather 
than hospitals, it represents an upstream containment 
measure [8, 9]. The escalating prevalence of myopia in 
China has prompted government attention, leading to 
financial support for myopia screening in local schools, 
which provides the basic conditions for school-level 
management [24]. Our preliminary investigations have 
yielded a predictive model specifically for high myopia, 
yet a more encompassing model that fully addresses the 
occurrence and progression of myopia is still absent [24].

To address this challenge, this study collected longitu-
dinal data spanning 2  years from 870 centers dispersed 
across seven cities, covering 1,123,602 children and 
adolescents spanning a broad age range of 4–18  years. 
To create a comprehensive school-based myopia man-
agement strategy, this research bifurcated the cohort 
into non-myopic and myopic individuals, with the pre-
diction for occurrence in non-myopic and the progres-
sion in myopic. In addition to external testing with data 
collected from other cities, it was also externally tested 
in a school-based randomized controlled trial (RCT) [5, 
6]. By establishing and validating this prediction model 
based on large-scale and multi-center datasets, schools 
are expected to be activated and take a pivotal role in 
myopia management, providing possibilities for early 
management of myopia.
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Materials and methods
Study design and participants
The current school-based, observational cohort study 
involved 1,123,602 Chinese children and adolescents 
from 870 centers located in seven cities (Fig. 1). The spe-
cific locations of the center were recorded in Additional 
file 1. The majority of schools (n = 841) in Shenzhen have 
participated, with the exception of a small number of pri-
vate schools and vocational schools. In the other six cit-
ies, 29 schools were selected based on cluster sampling 
technique to serve as the validation set. The recruitment 
began in September 2019 and completed in December 
2019. After the assessment, 1,105,271 individuals were 
included. After a two-year follow-up which concluded 
in December 2021, 915,991 individuals were included 
in the analysis (Fig.  1). Data collated from these annual 
evaluations is contemporaneously uploaded to a cloud-
based repository. All students have a unique ID number 
to ensure the continuity of data during the transfer or 
advancement process. The study protocol can be found in 
Additional file 1.

The current observational cohort study was conducted 
in compliance with the ethical standards outlined in 
the Declaration of Helsinki. Approval for the study was 
granted by the Institutional Review Board (IRB) or Ethics 
Committee of Sun Yat-sen University, located in Guang-
zhou, China (2021KYPJ185). Additionally, the study 
was registered with the Chinese Clinical Trial Registry 

(ChiCTR; identifier: ChiCTR2200057391). Before the 
commencement of the study, a seminar was organized at 
the participating schools to elucidate the objectives and 
procedures of the research to the legal guardians of the 
children involved. Following a thorough briefing, written 
informed consent was obtained, ensuring their under-
standing and agreement.

Model development and internal validation
All records were deidentified before data analysis. A 
large-scale dataset (n = 897,902) collected from 841 cent-
ers in Shenzhen was used as the training set to develop 
the model (Fig.  1A). For personalized myopia manage-
ment, separate predictive models for non-myopic and 
myopic individuals were established, forecasting occur-
rence in the former and progression in the latter (Fig. 1B). 
The inputs were age, refraction, grade, sex, and vision. 
The ten-fold cross-validation technique was utilized for 
internal validation [25].

To select the model with the best performance, seven 
venerable machine learning algorithms were executed 
and compared, including Random Forest (RF), Support 
Vector Machines (SVM), eXtreme Gradient Boosting 
(XGB), CatBoost (CB), Gradient Boosting Decision Tree 
(GBDT), Light Gradient Boosting Machine (LGBM), and 
k-Nearest Neighbor (KNN) [26–28]. After this selection, 
oversampling techniques, including Adaptive Synthetic 
Sampling (ADASYN), Synthetic Minority Over-sampling 

Fig. 1   Study design and data sources. Flow diagram of participants according to STROBE Statement (A). Design of the prediction model 
including the categorization of myopic and non-myopic children and adolescents’ groups and the input variables (B). Geographical distribution 
of the real-world settings used in the model training and testing (C). RF random forest, SVM support vector machines, XGB eXtreme gradient 
boosting, CB CatBoost, GBDT gradient boosting decision tree, LGBM light gradient boosting machine, KNN k-nearest neighbor, RCT​ randomized 
controlled trial
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Technique (SMOTE), and Random Over Sampling 
(ROS), were employed to further enhance model perfor-
mance [29–31]. The technical details were provided in 
Additional file 1.

Multi‑resource external test
To assess the model’s applicability in real-world scenar-
ios, the external test was conducted using school screen-
ing datasets from 29 real-world school settings (Fig. 1C). 
These settings, which featured no duplication with the 
training set locales, spanned across seven cities, includ-
ing Guangzhou, Huizhou, Foshan, Heyuan, Qingyuan, 
and Shaoguan, where the model would be applied (Addi-
tional file  2: Table  S1). The multi-resource external test 
also included a dataset derived from a school-based RCT 
[5, 6]. Owing to reduced input variable demands, a mar-
ginally larger sample size than published RCT from this 
dataset was incorporated (n = 2111) [5, 6].

Algorithm performance evaluation
Model efficacy was appraised using a suite of metrics, 
including accuracy, precision, recall, F1-score, and the 
area under the receiver operating characteristic curve 
(AUC). Precision is defined as the proportion of true 
positive predictions out of all positive predictions made, 
reflecting the reliability of positive class predictions. 
Conversely, recall quantifies the proportion of true posi-
tive predictions out of all actual positive cases, gauging 
the model’s capacity to identify all relevant instances 
[24, 25]. The model that exhibited superior performance 
in the validation phase was earmarked for extended 
examination.

In this context, a true positive (TP) denotes the 
instances accurately identified as positive, whereas a false 
positive (FP) signifies instances erroneously labelled as 
positive when they are, in fact, negative. A false negative 
(FN) represents instances mistakenly classified as nega-
tive when they are positive in reality. Precision is the pro-
portion of positive predictions that are actually correct, 
while recall is the proportion of actual positives that are 
correctly identified. The F1 score is the harmonic mean 
of precision and recall. An F1 score closer to 1 indicates a 

Precision =
TP

TP+ FP
,

Recall =
TP

TP+ FN
,

F1 = 2×
Precision× Recall

Precision+ Recall
.

balanced and high precision and recall, with a good per-
formance in predicting positive instances. Conversely, a 
low F1 score suggests the model may be imbalanced in 
its precision or recall. The Shapley Additive exPlana-
tions (SHAP) methodology was used to evaluate the 
importance of features [32, 33]; details were provided 
in Additional file 1. The SHAP values were then graphi-
cally represented to demonstrate the interactive effects 
between input variables.

Measurements
Uncorrected Distance Visual Acuity (UDVA) was meas-
ured using a standardized Chinese logarithmic visual 
acuity (VA) chart (GB11533-2011) situated within an illu-
minated cabinet (WSVC-100; Qingda Vision Co., Wen-
zhou, China). The resulting LogMAR VA scores were 
documented. The autorefractor (SW-800; Suoer Co., 
Tianjin, China) was employed to evaluate the refraction. 
The technical details were provided in Additional file 1.

Definitions
Refraction was determined as the spherical equivalent 
refraction (SER), which was calculated by adding the 
spherical diopters to half the cylindrical diopters from 
autorefractor data [34]. Myopia is defined as an SER of 
− 0.50 diopters (D) or more [34]. Myopia progression is 
defined as an annual SER progression < − 0.25D [35–37]. 
Hence, in this study, “myopia occurrence” is defined as 
non-myopic individuals developing myopia at any follow-
up point within 2 years (either in the first or second year). 
Meanwhile, “myopia progression” is defined as myopic 
individuals having a progression of more than −  0.25D 
per year over the 2-year period (i.e., a total progression of 
more than − 0.5D).

Considering the real-world, large participant base and 
the associated adverse events with cycloplegia in Asian 
populations, cycloplegic autorefraction was calculated 
using a validated formula rather than directly collected 
[38, 39]. The formula used to calculate cycloplegic refrac-
tion was developed and demonstrated strong accuracy, 
within the demographic of children aged 4 to 15  years 
in the Shanghai region (R2 > 0.90) [40, 41]. Subsequently, 
this formula was also applied in another epidemiological 
survey on myopia [42]. Calculated SER was used as the 
input for the model, and it was also employed for the out-
come, i.e., in the definition of myopia mentioned above.

Y = 0.831+
(

0.954 × refraction
)

+
(

−0.065× age
)

+ (0.539×UCVA).
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Statistical analysis
Owing to the pronounced interocular correlation 
observed within individuals (R2 > 0.98), analysis was con-
fined to data derived exclusively from the right eye. The 
distribution of participant characteristics was quantita-
tively summarized using means and standard deviations 
(SD) or medians and interquartile ranges (IQR) for the 
continuous variables and by frequencies and percentages 
for the categorical variables. We evaluated baseline dis-
parities among the different cohorts through analysis of 
variance (ANOVA) for the continuous variables and the 
Chi-squared test for the categorical data. All hypotheses 
tested were two-sided, and p-values less than 0.05 were 
considered statistically significant. The computational 
analysis was conducted employing R and Python 3.8 [43, 
44].

Result
After the assessments, a total of 2,747,973 valid records of 
915,991 participants were included in the current analysis 
(Fig. 1A). The demographic information and a compari-
son between individuals with myopia and non-myopia 
were presented (Additional file 2: Table S2). Among the 
915,991 participants aged 4–18  years old, 405,784 
(44.3%) were identified as myopic at baseline. The subse-
quent myopic shift was -0.97 ± 1.32D. Myopic individuals 
showed a slightly greater myopic shift than non-myopic, 
both at 1-year visit (−  0.72 ± 0.91D vs. −  0.65 ± 0.93D) 
and two-year visit (−  0.99 ± 1.38D vs. −  0.96 ± 1.28D) 
(all P < 0.001; Additional file  2: Table  S2). To establish 
and validate machine learning algorithms, these data 
were divided according to their origin into a training set 
(n = 897,902) from Shenzhen and a multi-source external 

Fig. 2  Prevalence, severity, and subsequent progression of myopia in the overall dataset. The distribution of myopia prevalence (A) and refraction 
(B) across different age stages in baseline, 1-year, and 2-year follow-up. The distribution of myopia occurrence in non-myopic individuals (C) 
and the distribution of myopia progression in myopic individuals (D) across different age stages. Abbreviation: SER = spherical equivalent refraction
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test set (n = 18,089) from other cities. The characteristics 
of the training and validation sets are summarized (Addi-
tional file 2: Table S3).

Pattern of myopia occurrence and progression 
across 2 years in children and adolescents aged 4–18 years
Figure  2A depicted the distribution of myopia preva-
lence by age over the first and second years. The overall 
distribution of refraction also presented this distribu-
tion (Fig.  2B). Then the general population was divided 
into baseline non-myopic and myopic cohorts. Figure 2C 
showed the pattern of myopia occurrence in initially 
non-myopic individuals. Figure 2D showed the pattern of 
myopia progression in initially myopic individuals, which 
also demonstrated an age-dependent tendency.

Establishment and optimization of machine learning 
algorithms for predicting myopia occurrence 
and progression
The performance of seven machine learning algorithms 
was evaluated and compared across multiple dimensions 
(Additional file 2: Table S4 and S5). As visualized in the 
ROC curves, for predicting myopia occurrence in non-
myopic individuals, the RF algorithm demonstrated the 
best performance, in both internal validation and exter-
nal testing results; for predicting myopia progression in 
myopic individuals, the XGB algorithm showed the opti-
mal performance (Additional file  2: Fig. S1). Compared 
to the conventional logistic regression model, all seven 
machine learning algorithms shown significant improve-
ment (Additional file 2: Table S4 and S5).

To further optimize the models, three oversampling 
techniques were employed and compared. For predict-
ing myopia occurrence, the SMOTE method was most 
effective at improving model performance (AUC 0.962, 
95% CI 0.957–0.967; Fig. 3A); for predicting progression, 
ADASYN showed the best improvement (AUC 0.923, 

Fig. 3  Optimization of prediction models using oversampling techniques. The performance of prediction models before and after the optimization 
using oversampling techniques for predicting the myopia occurrence in non-myopic individuals (A), and the myopia progression in myopic 
individuals (D). Feature importance in models demonstrated by SHAP value before and after the optimization for predicting the myopia occurrence 
(B) and progression (E). The performance of final models with optimization in each region centers for predicting the myopia occurrence (C) 
and progression (F). RF Random Forest, XGB eXtreme Gradient Boosting, ADASYN adaptive synthetic sampling, SMOTE Synthetic Minority 
Over-sampling Technique, ROS Random Over Sampling, SER spherical equivalent refraction, AUC​ area under the receiver operating characteristic 
curve, SHAP shapley additive explanations
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95% CI 0.913–0.933; Fig.  3D). Hence, the final models 
were confirmed, and their feature importance was also 
calculated via SHAP values and visualized for both the 
occurrence (Fig. 3B) and progression (Fig. 3E). Based on 
these two final models, the validation results from each 
center in the external test set were evaluated (Additional 
file 2: Table S6) and visualized separately for the occur-
rence (Fig. 3C) and progression (Fig. 3F).

Associations among features in the myopia occurrence 
and progression model
The relationships between features were examined based 
on the SHAP value. For the model predicting myopia 
occurrence, the interactions between grade, age, and SER 
were found to hold significant importance (Additional 
file  2: Fig. S2A–C). Scatter plots visualized a notice-
able change of distribution around the age of 11 (Addi-
tional file  2: Fig. S2D–F). Similarly, the interactions 
were also significant (Additional file  2: Fig. S2H–J) in 

the progression prediction model. A significant change 
is also found in the grade and SER around the age of 
11(Additional file  2: Fig. S2K–M). A three-dimensional 
distribution diagram illustrated the direct effects of dif-
ferent ages and grades on occurrence (eFig.  2G) and 
progression (Additional file  2: Fig. S2N). These findings 
presented that when students were in a grade higher 
than their age, there existed a heightened risk of both the 
occurrence and progression of myopia. Through individ-
ual case analysis, this connection was confirmed (Addi-
tional file 2: Fig. S3).

Hence, to mitigate this age-related interaction on the 
prediction model, the dataset was split into two groups: 
individuals aged 4–11 years and those aged 11–18 years. 
Comparative analysis revealed a substantial reduction 
in interaction effects following age segmentation (Addi-
tional file 2: Table S7 and S8), indicating the necessity of 
the age segment.

Fig. 4  Performance of age-specific myopia occurrence and progression prediction models and development of user-friendly software. The 
performance of the prediction model after age segment for predicting the myopia occurrence in non-myopic individuals (A) and myopia 
progression in myopic individuals (H) in the overall external test. The performance of the prediction model after age segment for predicting 
the myopia occurrence in non-myopic individuals (B) and myopia progression in myopic individuals (D) in an RCT. A user-friendly software interface, 
comprising an input interface for entering personal information and ocular examination results, as well as a report interface providing prompt 
notifications for low or high risk of myopia (E). AUC​ area under the receiver operating characteristic curve, RCT​ randomized controlled trial



Page 8 of 12Xu et al. Journal of Translational Medicine          (2025) 23:876 

Establishment of age‑specific myopia occurrence 
and progression prediction models and development 
of software
After the age segmentation, initial internal validation 
results indicated an enhancement in performance. This 
improvement was observed in the 4–11  years group 
(occurrence prediction: AUC 0.991, 95% CI 0.989–0.993; 
progression prediction: AUC 0.984, 95% CI 0.980–0.988) 
as well as the 11–18 years group (occurrence prediction: 
AUC 0.949, 95% CI 0.941–0.957; progression predic-
tion: AUC 0.927, 95% CI 0.915–0.939) (Additional file 2: 
Table S9).

Then, the age-specific prediction models for myopia 
occurrence and progression were subsequently evaluated 
using the external test set. As illustrated in Fig.  4, after 
segmentation by age, the performance of the models for 
both 4–11-years (occurrence prediction: AUC 0.978, 95% 
CI 0.972–0.984; progression prediction: AUC 0.957, 95% 
CI 0.951–0.963) and 11–18-years age groups (occurrence 
prediction: AUC 0.966, 95% CI 0.960–0.972; progres-
sion prediction: AUC 0.928, 95% CI 0.917–0.939) showed 
improvement compared to the models without age seg-
mentation (occurrence prediction: AUC 0.962, 95% CI 
0.957–0.967; progression prediction: AUC 0.923, 95% CI 
0.913–0.933) (Fig. 4A, C).

A school-based RCT was also used for the test set, 
where cycloplegic refraction was employed, and SER 
examinations were performed using more precise equip-
ment (KR-8800; Topcon). External tests in this school-
based RCT also achieved an acceptable performance 
(occurrence prediction: AUC 0.952, 95% CI 0.940–0.964; 
progression prediction: AUC 0.894, 95% CI 0.878–0.910) 
(Fig. 4B, D). Additionally, after age segmentation, the per-
formance was enhanced at various sub-centers (Table 1).

Finally, to maximize the potential of these algorithms 
for myopia management, user-friendly software was 
developed (Fig. 4E). Upon launching the software, school 
staff can input information under clear guidance. By 
clicking the “Sync Data” button, the software automati-
cally stores the necessary data; by clicking the “Report” 
button, a corresponding report is generated to guide the 
next steps in myopia prevention and control, thereby 
facilitating myopia management at the school level. The 
software is currently in use at all participating schools. 
Due to the dataset embedded in the software being regu-
lated by the Institutional Review Board (IRB), it cannot 
be made publicly available online. However, the source 
code has been shared on GitHub (https://​github.​com/​
Sheng​song-​Xu/​Shenz​hen-​Myopia-​predi​ction-​model) and 
Gitee (https://​gitee.​com/​Sheng​song-​Xu/​Shenz​hen-​Myo-
pia-​predi​ction-​model).

Table 1  Performance of the individualized models (according to age) in external test across regional centers

AUC​ area under the receiver operating characteristic curve

Prediction for myopia occurrence Prediction for myopia progression

AUC​ Accuracy Precision Recall F1-score AUC​ Accuracy Precision Recall F1-score

Guangzhou

 4–11 years old 0.985 0.939 0.942 0.975 0.958 0.976 0.934 0.919 0.947 0.933

 11–18 years old 0.983 0.967 0.955 0.938 0.947 0.958 0.946 0.909 0.931 0.920

Huizhou

 4–11 years old 0.981 0.957 0.956 0.949 0.952 0.960 0.936 0.935 0.911 0.923

 11–18 years old 0.974 0.926 0.937 0.913 0.925 0.957 0.924 0.911 0.939 0.925

Foshan

 9–11 years old 0.905 0.877 0.892 0.862 0.877 0.889 0.865 0.848 0.865 0.857

 11–16 years old 0.932 0.915 0.872 0.910 0.891 0.897 0.875 0.821 0.882 0.850

Heyuan

 5–11 years old 0.957 0.914 0.941 0.911 0.926 0.938 0.926 0.919 0.891 0.904

 11–13 years old 0.912 0.890 0.888 0.886 0.887 0.917 0.877 0.848 0.887 0.867

Qingyuan

 4–11 years old 0.951 0.927 0.904 0.910 0.907 0.934 0.893 0.901 0.863 0.882

 11–14 years old 0.938 0.913 0.903 0.881 0.892 0.915 0.878 0.932 0.896 0.914

Shaoguan

 5–11 years old 0.963 0.931 0.924 0.938 0.931 0.944 0.897 0.923 0.894 0.909

 11–13 years old 0.939 0.920 0.918 0.906 0.912 0.917 0.874 0.854 0.895 0.874

School-based RCT​

 6–9 years old 0.952 0.903 0.874 0.927 0.900 0.894 0.879 0.840 0.876 0.857

https://github.com/Shengsong-Xu/Shenzhen-Myopia-prediction-model
https://github.com/Shengsong-Xu/Shenzhen-Myopia-prediction-model
https://gitee.com/Shengsong-Xu/Shenzhen-Myopia-prediction-model
https://gitee.com/Shengsong-Xu/Shenzhen-Myopia-prediction-model
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Discussion
A prediction model forecasting myopia at the school 
level can provide early warnings of myopia, which is cru-
cial for myopia management. The current study gathered 
two-year large-scale longitudinal data from 870 centers 
in seven cities, encompassing over a million children and 
adolescents aged 4–18. Within the final comprehensive 
school-based myopia management model, personalized 
prediction models for non-myopic and myopic groups 
were conducted, tailored to the distinct developmental 
stages of myopia, and further refined by age segmenta-
tion for more precise and individualized predictions.

In this study, we initially outlined the pattern of myopia 
onset and progression, revealing the profound impact of 
age on the occurrence and progression of myopia (Fig. 2). 
This pattern aligned with recent research from main-
land China, which exhibited a similar age-dependent 
distribution of myopia [45, 46]. Interestingly, the myopia 
progression was similar between baseline non-myopic 
and myopic individuals (1-year visit: −  0.72 ± 0.91D 
vs. −  0.65 ± 0.93D; 2-year visit: −  0.99 ± 1.38D vs. 
−  0.96 ± 1.28D). This is contrary to general expecta-
tions, suggesting that most of the baseline non-myopic 
individuals in this study were already in the pre-myopia 
stage, during which myopia progression would signifi-
cantly accelerate [47]. However, merely summarizing the 
overall distribution of myopia was quite limited for indi-
vidual prediction. To realize individualized prediction, 
seven sophisticated machine learning algorithms and 
three oversampling techniques were utilized to construct 
and enhance the optimal prediction model. In the final 
model, the combination of RF + SMOTE was considered 
the best for predicting the occurrence of myopia, while 
the combination of XGB + ADASYN was found to be 
the most effective for predicting the progression (Fig. 3). 
For the prediction of progression, it should be noted that 
this study employed a cut-off value of − 0.25D per year, 
which yields a relatively high proportion of positive out-
comes [35–37]. Should the cut-off be raised to − 0.5D or 
− 0.75D, a reduction in the proportion of positive results 
is anticipated, concomitant with a decline in the perfor-
mance of the model. Furthermore, attempting to predict 
the specific values of myopic progression will result in 
even poorer performance. The final models demonstrated 
that the most suitable AI algorithms for predicting the 
occurrence and progression are different. This may be 
related to the inherent characteristics of the algorithms. 
The RF algorithm is an ensemble learning algorithm 
based on decision trees, adept at constructing multiple 
decision trees to analyze the relationships between fea-
tures and to output results stably, which may confer an 
advantage in predicting whether myopia will occur or 
not [28]. On the other hand, XGB excels at focusing on 

a limited number of features and iteratively optimizing 
the best model; it is better at capturing subtle changes, 
which may give it an advantage in predicting the progres-
sion [28]. However, the deeper reasons require further 
development and explanation by the computer science 
community. In addition to the disparities in algorithmic 
efficacy, variations are also observed across different test 
sets. These differences may be ascribed to the demo-
graphic distinctions between these sets. Guangzhou, with 
its economic development and policy formulation closely 
resembling that of Shenzhen (training cohort), achieved 
the most favorable validation results. Qingyuan and 
Heyuan, being more isolated regions, exhibited substan-
tial disparities from Shenzhen, leading to slightly poorer 
validation outcomes. Notably, the validation results 
within the school-based RCT were relatively poor, poten-
tially attributable to differences in SER measurements. 
This school-based RCT specifically employed cyclople-
gic refraction, leveraging more precise equipment (KR-
8800; Topcon) [5, 6]. This observation suggested that 
the predictive model of this study may encounter limita-
tions when applied to cycloplegic data. It is important to 
note that this does not imply that non-cycloplegic data 
should be intentionally prioritized over cycloplegic data, 
as cycloplegic refraction is generally considered to have 
a higher degree of validity. However, since the model of 
this study was built using non-cycloplegic data, it is natu-
rally more suited to these data types, especially in scenar-
ios where cycloplegic data may not be accessible.

Previous research on AI for myopia prediction has 
achieved advancements. Lin et  al. constructed an AI 
model predicting myopia progression based on hospital-
level data, along with successful external validation [16]. 
This focus, however, primarily on individuals already 
diagnosed with myopia in hospital settings, who are seek-
ing treatment due to vision impairment caused by myo-
pia [16]. It’s evident that schools, not hospitals, serve as 
more suitable venues for observing and predicting the 
myopia. Research on AI models for myopia prediction at 
the school level is relatively scarce and limited in scope 
with a narrow age range [15, 22]. A recent investigation 
has led to the development of a school-based model for 
predicting the onset of myopia (AUC 0.891) with no 
external test [15]. Based on a multi-source external test, 
our machine learning models developed promising out-
comes (Fig.  3). To delve deeper into the feature impor-
tance and their interplay within the prediction models, 
we visualized the interaction effects based on SHAP 
value (Additional file  1: Fig. S2). Notably, significant 
interactions between age and other variables were iden-
tified, which suggested that 11  years might represent a 
significant threshold. These age-related interactions sug-
gested that the effects of other variables, including SER 
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and grade, may vary across different ages, and therefore it 
may be necessary to establish separate models for differ-
ent age stages.

In the realm of myopia studies, the age of 11 has been 
consistently highlighted as a pivotal point, as affirmed in 
numerous preceding studies [41, 48–51]. Recent research, 
incorporating a wide age range of children and examining 
their long-term changes of myopia progression, similarly 
found considerable variances before and after the age of 
11 [48]. Moreover, studies concerning myopia interven-
tion have indicated that the difference before and after 
the ages of 10–11, given the distinct sensitivity to various 
interventions across these age brackets [49–51]. Incor-
porating the algorithmic discoveries of our study and the 
insights from previous studies, we ultimately developed 
age-segmented model for prediciton. Across the multi-
source external test set, the prediction models for the 
age groups 4–11 and 11–18 all showed improved per-
formance compared to the non-age-segmented model 
(Fig.  4). For predictive models within specific age seg-
ments, the predictive efficacy for younger children is also 
stronger than for older children. Subsequent testing of 
each sub-center within the external test set also indicated 
improvements following age segmentation (Table 1).

Historically, significant efforts in early school-level 
myopia prediction research were made. Zadnik et  al. 
screened multiple variables, including demographic and 
accommodative factors, ultimately deducing that cyclo-
plegic refraction data alone could reliably forecast myo-
pia onset (AUC 0.87 to 0.93) [52]. Recent model based on 
school data, acknowledged the importance of accommo-
dative parameters, though the age range remained lim-
ited [14]. However, these investigations predominantly 
utilized traditional predictive models. In this study, the 
performance of the logistic regression model was only 
0.752 (for myopia occurrence) and 0.703 (for myopia pro-
gression), while the optimized AI model could achieve 
0.962 and 0.923, respectively. Benefiting from the appli-
cation of AI, the current study showed an improvement 
and covered a more comprehensive age range (4–18 years 
old), thus enhancing its applicability in real-world school 
settings. Finally, our user-friendly software can empower 
school-level myopia management (Fig. 4).

Limitations
This study utilized non-cycloplegic refraction to bet-
ter align with practical needs at the school level. This 
approach inevitably introduced deviations, because 
cycloplegic refraction is currently the gold standard 
recognized [53, 54]. However, due to the imbalance in 
regional and national development, cycloplegia, which 
requires certain medical investment, is impractical in 
routine school-level management of myopia, especially in 

remote or medically underserved areas [38, 55]. To solve 
this issue, we applied a formula to calculate cycloplegic 
refraction [40, 41, 56]. It should be noted that the Suoer 
SW-800 used in this study has an accuracy of ± 0.50 D, 
which may also introduce bias in the measurement of 
refractive error. Another limitation was the geographi-
cal scope of our external test set, confined to Guangdong 
Province, an economically advanced region in China. 
This could limit the representativeness. During the inclu-
sion of the training set, some private schools and voca-
tional schools did not participate, which may bias the 
prevalence of myopia. In addition, the high prevalence 
of myopia in these sets may lead to a potential imbal-
ance between myopic and non-myopic groups, which 
may affect the accuracy and generalizability of the model. 
Subsequent data from more diverse sources are necessary 
to clarify this issue.

Conclusion
In conclusion, this study, grounded in two-year longitu-
dinal data from schools and experimenting with various 
machine learning algorithms and optimization tech-
niques, successfully established a comprehensive predic-
tive system featuring age-segmented designs. This system 
encompassed predictions for both the myopia occurrence 
in non-myopic individuals and the myopia progression 
in myopic. Building on this, user-friendly software was 
developed, facilitating school-level myopia management. 
Since earlier interventions yield superior outcomes, tar-
geting the school stage may hold promise for shifting 
myopia management upstream. However, further refine-
ment and external testing remain warranted.
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