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Abstract

Background: Patients with high myopia have an increased lifetime risk of complications. The prevalence patterns of high
myopia in children and adolescents in southern China are unclear. Early identification of high-risk individuals is critical for
reducing the occurrence and devel opment of high myopia and avoiding the resulting complications.

Objective: This study aimed to determine the prevalence of high myopia in children and adolescents in southern China via
real-world screening data and to predict its onset by studying the risk factors for high myopia based on machine learning.

Methods: This retrospective school-based study was conducted in 13 cities with different gross domestic products in southern
China. Through data acquisition and filtering, we analyzed the prevalence of high myopia and its association with age, school
stage, gross domestic product, and risk factors. A random forest algorithm was used to predict high myopiaamong school children
and then assessed in an independent hold-out group.

Results: Therewere 1,285,609 participants (mean age 11.80, SD 3.07, range 6-20 years), of whom 658,516 (51.2%) were male.
The overall prevalence of high myopia was 4.48% (2019), 4.88% (2020), and 3.17% (2021), with an increasing trend from the
age of 11 to 17 years. The rates of high myopiaincreased from elementary schools to high schools but decreased at all school
stages from 2019 to 2021. The coastal and southern cities had a higher proportion of high myopia, with an overall prevalence
between 2.60% and 5.83%. Age, uncorrected distance visual acuity, and spherical equivalents were predictive factors for high
myopia onset in schoolchildren. The random forest algorithm achieved a high accuracy of 0.948. The area under the receiver
operator characteristic curve (AUC) was 0.975. Both indicated sufficient model efficacy. The performance of the model was
validated in an external test with high accuracy (0.971) and a high AUC (0.957).

Conclusions: High myopiahad ahigh incidencein Guangdong Province. Itsonset in children and adolescentswaswell predicted
with the random forest algorithm. Efficient use of real-world data can contribute to the prevention and early diagnosis of high
myopia.
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Introduction

Methods

Patients with high myopia have an increased lifetime risk of
complications such as cataract formation, retinal detachment
from retinal holes or tears, myopic foveoschisis, peripapillary
deformation, dome-shaped macula, myopic choroidal
neovascul arization, and glaucoma [1]. The number of patients
with high myopia is increasing annually and will reach 938
million people by 2050 [2], which could lead to significant
global productivity loss, with East Asia having the highest
potential burden [3].

In the clinic, parents usually ask questions such as “will my
child develop high myopia in the coming year” and “what is
the possibility of the myopia of my child developing into high
myopia in the future’ even though their child has undergone
only one ophthalmic examination. While it is well known that
therisk of high myopiaisrelatively high in children with myopia
onset during early school age [4], predicting the specific
possibility of myopia development in acertain child is difficult
for ophthalmologists.

The answer could be obtained by evaluating real-world
screening of large-scal e data. Chinapromulgated guidelinesfor
myopia prevention and control in children and adolescents in
2021 [5], emphasizing the role of regular vision screening and
electronic vision heath records to improve the prediction,
prevention, early control, and the diagnostic accuracy of myopia
by screening for visua acuity (VA) and noncycloplegic
autorefraction (NCR) in schools. The determination of VA
combined with NCR is a clinically appropriate and low-cost
methodology that may provide a model for screening and for
epidemiological studies[6,7].

Artificial intelligence (Al) may help in obtaining useful
information from this screening data. Wang et a [8] trained and
validated arandom forest algorithm to yield uncorrected distance
visual acuity (UDVA) and spherical equivalents (SE) that predict
myopia progression in children. Lin et a [9] developed an
algorithm to predict SE and the onset of high myopia up to 8
years ahead by considering variables including age, SE, and
annual progression rate. Furthermore, some researchers detected
myopiausing machinelearning based on ocular images[10-12].
However, these studies have not attempted to retrospectively
predict therisk of high myopiausing large-scale screening data.

Our study describes the prevalence patterns of high myopia
from vision-screening data obtained from millions of children
and adolescentsin southern China. It also illustrates the method
for using real-world screening data in research. An Al model
aided inidentifying the risk factorsfor high myopiaoccurrence
and predicting the onset of high myopia at an early stage with
high accuracy using real-world data for the first time.

https://www.jmir.org/2023/1/e39507

Ethics Statement

Thisretrospective and school-based study was approved by the
institutional review board or ethics committee of Sun Yat-sen
University, Guangzhou, China (2021KYPJ185), and was
registered with the Chinese Clinical Trial Registry (ChiCTR;
identifier: ChiCTR2200057391). The need for consent was
waived because al data sets were deidentified before transfer
for dataanalysis.

Study Population and Data Source

Myopia screening was conducted in Guangdong Province,
southern China, which included 21 cities with 115.21 million
permanent residents. Guangdong's gross domestic product
(GDP) increased to 12,436.967 billion in 2021 [13]. Using
electronic vision screening from Guangdong Eyevision Medical
Technology Co, Ltd, the data collected included student ID,
name, sex, location, class, grade, school type, UDVA, NCR,
systolic pressure, diastolic pressure, height, weight, sexual
maturity, and other ophthalmic diseases or surgeries. Sexual
maturity was defined as the occurrence of menstruation or
spermatorrhea.

Screening Procedures

The staff of the participating schoolsreceived training from the
administration, and local experienced certified optometrists
performed the ocular examinations. UDVA was assessed
monocularly using a Chinese standard logarithm VA chart
(GB11533-2011) in an illuminated cabinet (WSVC-100,
Wenzhou, China). LogMAR VA scoreswere recorded. Eyesight
was measured at least thrice without cycloplegia using Topcon
KR-1 (Topcon Co, Tokyo, Japan). M easurementswere repeated
if one measurement deviated from the other two by >0.5 D.
Three reliable measurements were averaged for analysis.

Inclusion Criteria and Outcome Definitions

Our screening data encompassed 13 cities in Guangdong
Province (Guangzhou, Shenzhen, Foshan, Zhuhai, Huizhou,
Qingyuan, Heyuan, Shanwei, Shantou, Shaoguan, Yangjiang,
Yunfu, and Jieyang). The cities have different populations,
GDPs, and locations that show broad statistical variation as
representing the whol e province. Children and adol escents aged
6-20 years were recruited between 2019 and 2021. The right
eye was arbitrarily selected to represent a specific individual.
Individuals with missing records, other eye diseases, or eye
surgeries were excluded.

Noncycloplegic SE was calculated in accordance with the
standard formula: SE = sphere + % x cylinder. Screening myopia
was defined as a UDVA of >0 logMAR and an SE of <-0.5D.
It was further subdivided into low myopia (6 D<SE<-0.5 D)
and high myopia (SE<—6 D) according to the IMI myopia
definition and classification [14]. In the cohort study, high
myopia progression was considered a shift in SE from the low
myopia range toward the high myopia window during
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observation. BMI was calculated as the weight (in kg) divided
by the square of the height (in m). Mean arterial pressure (MAP)
was calculated as follows: MAP = diastolic pressure + 1/3 x
(systolic pressure — diastolic pressure). The 13 cities were
divided into 3 levels based on GDP: first-level cities with a per
capita GDP of >100,000, second-level cities with a GDP
between 50,000 and 100,000, and third-level citieswith aGDP
of <50,000.

Data Processing and Feature Selection

Figure 1 shows aflowchart for quality control for the data sets
in this study. The first step was to compile an original data set
from the electronic vision-screening data (data set 1). The next
step was cleaning data set 1 and manually removing data that
were not qualified for analysis because of invalidation,
repetition, and abnormality. Only 1,285,609 records from 13
cities between 2019 and 2021 that met the inclusion criteria
wereincluded in data set 2. Data set 2 was used to describe the
preval ence patterns of high myopiaamong different age groups,
sexes, school stages, and GDPs.

To visualize the relationship between high myopiaand per capita
GDP in cities in Guangdong Province from 2019 to 2021, we
applied the random oversampling method to balance the

Figure 1. Flowchart for quality control for the data set.

Inclusion:
= 6<Age <20 years
+ Records from 2019 to 2021
+ Cities with more than 5000 |
records I
= Cities with reasonable data !
structure

Original data set
(Data set 1):

)

2,203,730 records were
screened from 19 cities
from 2018 to 2021

Exclusion:
Invalid, repetitive, and
abnormal records

Algorithm Development and Evaluation Metrics

Data set 5 was randomly split into atraining set and a test set
at a4:1ratio; a5-fold cross-validation (CV) approach was used
during training. Several machinelearning algorithms, including
logistic regression, a support vector machine, a k-nearest
neighbor a gorithm, and arandom forest algorithm were applied
to derive the classification results. Accuracy, precision, and
recall were calculated to assess the prediction results for the
training, CV, and test sets, respectively. Precision represents
the percentage of true positive predictions among all positive
samples, whereasrecall indicates the percentage of true positive
predictions among all correct predictions. Since we aimed to
raise an early warning for cohorts at risk, recall was more

https://www.jmir.org/2023/1/e39507
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distributionin dataset 2. By selecting theratio of primary school
to middle school to high school as 2:1:1 in each city, we
successfully obtained a newly balanced data set 3.

Additionally, 2657 participants with high myopiaand complete
datawere selected from data set 2 to determine risk factors and
form data set 4. The SE value of the right eye was used in
multivariable linear regression analysis. Six factors, namely
age, sex, BMI, MAP, sexual maturity, and per capita GDP,
included in the screening data, were selected as potential risk
factors. Permutation importance was used to measure the
influence of the factors on the predicted results.

In data set 2, a total of 16,760 participants with a 3-year
examination period were selected, of whom 380 participants
presented high myopia during observation and 14,948 did not
present high myopiain the 3 years. Considering thisimbalance
between participants (approximate 1:39), we randomly selected
1000 records from 380 subjects with replacement (random
oversampling) and 1000 records from 14,948 subjects without
replacement (random undersampling) to reach a new balance.
The main outcome was high myopia onset, scored as 0 or 1,
with O representing negative samplesand 1 representing positive
samples. Finally, data set 5 was formed, which included 2000
recordsto predict the onset of high myopia.

Inclusion: \

+ Random eversampling |

+ Primary school: middle |
school: high school

2:1:1

Inclusion:
= Records of high
myopia
» Records with BMI,

blood pressure data, ete.

Inclusion

= 3 visits
» Occurrence of high 1
myopia in the 3rd year !

Data set 5:
2000 records

persuasive than precision. The receiver operator characteristic
(ROC) curve described the relationship between the true and
false positive rates by setting different probability values as
classification thresholds. A larger area under the ROC curve
(AUC) indicated better efficacy. The Kolmogorov-Smirnov
(K-S) curve assessed the model’s performance. The largest
distance between the 2 curves (K-S value) was calculated for
the train, CV, and test sets separately. Finally, the model’s
performance was validated by applying it to an independent
hold-out group from Shenzhen Eye Hospital. These records,
avalable for external validation, were obtained from 2547
individuals with a 3-year follow-up from 2019 to 2021 (age
range 6-16, mean 8.78, SD 2.39 years), of whom 47 subjects
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exhibited high myopia and 2500 did not during the 3 years of
observation.

Statistical Analysis

Data were processed and analyzed using the R programming
language [15] and Python 3.8 [16]. Continuous variables are
shown asmean (SD) or median (IQR) and categorical variables
asfrequencies. The normal distribution was tested using visual
response and K-S and Shapiro-Wilk tests. Comparisons were
performed using independent samples t tests, 1-way ANOVA,
the Kruskal-Wallis test, or the chi-sgquare test, as appropriate.
All P values were 2-tailed, where P<.05 was statistically
significant.

Results

Characteristics of the Study Population

In total, 1,285,609 participants were obtained in the 3 years of
screening (Table 1). There were 658,516 (51.2%) males. The
average age was 11.80 (SD 3.07, range 6-20) years. The
incidence of high myopia differed in 2019 and 2021, with
females having a higher rate (for both years, P<.001), but not
in 2020 (P=.70). The overall prevalence of high myopia was
4.48% (2019), 4.88% (2020), and 3.17% (2021).

https://www.jmir.org/2023/1/e39507

Guan €t al

Figure 2 shows that the rate of high myopia increased
exponentially with age, from 0.43%, 0.57%, and 0.33% under
7 yearsto 13.97%, 13.67%, and 13.97% over 18 yearsin 2019,
2020, and 2021, respectively. There was an increasing trend in
the prevalence of high myopia from the age of 11 to 17 years,
with an annual growth of >1%. The 3-year overall prevalence
of high myopia was 1.25% (95% CI 1.23%-1.28%), 5.60%
(95% CI 5.53%-5.68%), and 12.09% (95% Cl 11.95%-12.22%)
among participants in primary, middle, and high schools,
respectively (P<.001). However, the rate of high myopia
declined annually. Specifically, the prevalence over this period
decreased from 1.33% to 1.08%, 5.88% to 5.02%, and 12.22%
to 11.78% among participants in primary, middle, and high
schooals, respectively (for all, P<.001, Figure 3).

There were significant differences in the prevalence of high
myopiain citieswith different per-capita GDP levels. The high
myopia rate in cities with the second-GDP-level cities was
significantly higher than that in the first- and third-level cities
for all 3 years (P<.001); in first-level cities, it declined from
4.28% in 2019 to 1.12% in 2021 (P<.001). However, high
myopia in third-level cities increased from 2.46% (2019) to
3.33% (2021; P<.001) but was stable in second-level cities
between 5.03% and 5.38%.
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Table 1. Demographic characteristics of the study participants with high myopia (N=1,285,609).

Variables 2019 2020 2021
Count, Spherical High myopia Count, Spherical High myopia Count, Spherical High myopia
n equivalent (%), measure n equivalent (%), measure n equivalent (%), measure
(D), mean (9504 CI) (D), mean (9505 ) (D), mean (9505 CI)
(SD) (SD) (SD)
Sex
Male 26007 -1.67(2.08) 4.29(4.21-437) 241506 -1.93(2.13) 4.89(4.80-4.98) 182008 -1.38(1.96) 3.04(2.96-3.12)
Female 2050 -1.87(2.09) 4.70(4.61-4.79) 248374 —2.03(2.10) 4.87(4.78-4.95) 169150 -1.57(1.97) 3.31(3.22-3.39)
Age (years)
<72 38,386 -0.17(1.22) 0.43(0.36-0.50) 41,712 -0.16(1.38) 0.57(0.49-0.64) 33434 -0.11(1.18) 0.33(0.27-0.40)
8 40,688 —0.41(1.24) 0.35(0.30-0.41) 35078 -0.63(1.53) 0.74(0.65-0.82) 37,305 -0.34(1.23) 0.30(0.25-0.36)
9 41,642 -0.72(1.38) 0.50(0.43-057) 36,742 -1.01(1.60) 0.95(0.85-1.05) 45932 -0.69(1.38) 0.57(0.51-0.64)
10 42,885 -1.08(1.51) 0.87(0.79-0.96) 42,897 -1.38(1.66) 1.37(1.26-1.48) 41,247 -1.08(1.54) 0.88(0.79-0.97)
11 45887 -1.47(1.66) 1.57(1.45-1.68) 50681 -1.71(1.76) 2.10(1.97-2.22) 42,386 -1.43(1.69) 1.55(1.43-1.67)
12 46,150 -1.84(1.82) 2.77(2.62-2.92) 56483 -2.05(1.85) 3.34(3.19-3.49) 40926 -1.77(1.86) 2.72(2.57-2.88)
13 42,664 -2.23(1.95) 4.39(4.20-459) 55544 -237(1.97) 5.03(4.85-5.21) 31,113 -2.05(1.90) 3.67(3.46-3.88)
14 38,387 -2.58(2.07) 6.67(6.42-6.92) 51,829 -2.64(2.06) 6.80(6.58-7.02) 21,802 -2.44(2.04) 5.76 (5.45-6.07)
15 34,206 -2.94(2.17) 9.12(8.81-9.42) 45148 -2.94(2.14) 898(8.72-9.25) 19,501 -2.81(2.14) 8.20(7.81-8.58)
16 29,152 -3.16(2.26) 11.74(11.37- 38,162 -3.18(2.23) 11.45(11.13- 16,653 -3.05(2.24) 10.77(10.30-
12.10) 11.77) 11.24)
17 25796 -3.29(2.32) 13.36(12.94- 25,085 -3.37(2.26) 13.30(12.88- 12,774 -323(2.28) 12.38(11.81-
13.77) 13.72) 12.96)
>18° 18,733 -3.32(2.36) 13.97(13.47- 10519 -3.36(2.27) 13.67 (13.01- 8080 -3.38(2.30) 13.97 (13.22-
14.47) 14.33) 14.73)
School stage
Primary 2057 -1.04(1.65 1.33(1.28-1.37) 2225 -1.11(1.73) 1.35(1.31-1.40) 24363 -0.93(1.61) 1.08(1.04-1.12)
school
Middle 16591 -2.35(2.10) 5.88(5.75-6.02) 1587083 -2.47(2.01) 5.63(5.51-5.74) 61,756 -2.34(2.00) 5.02(4.85-5.19)
school
Highschool 78428 -3.21(2.29) 12.22(12.21- 98,952 -3.24(2.22) 11.95(11.75 45762 -3.18(2.25) 11.78(11.49-
12.67) 12.15) 12.08)

City categories
GDP%>10¢ 283753 -1.69(2.05) 4.28(4.20-4.35) 19273 -1.37(202) 3.38(3.12-3.63) 16079 -0.92(1.58) 1.12(1.06-1.17)

105GDP>5¢ 128182 —208(2.16) 538(5.25550) 437604 204 (211) 503 (4.96-509) 145808 -2.13(213) 5.38(5.26-5.49)

GDP<5f 27671 -1.09(1.91) 246(2.28-2.64) 33,003 -1.51(2.05) 3.78(3.58-399) 44546 -1.32(2.01) 3.33(3.17-3.50)

#The minimum age was 6 years.

bThe maximum age was 20 years.

‘GDP: gross domestic product.

incl uding 4 cities: Shenzhen, Zhuhai, Guangzhou, Foshan.

€Including 2 cities: Huizhou and Yangjiang.

fincl uding 7 cities: Heyuan, Jieyang, Qingyuan, Shantou, Shanwei, Shaoguan, and Yunfu.
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Figure 2. Spherical equivalent distribution and high myopia prevalence among children and adolescents. (A)-(C) Spherical equivalent distribution for
school students aged 6 to 20 years, respectively, from 2019 to 2021. (D)-(F) High myopiaprevalence for school students aged 6 to 20 years, respectively,

from 2019 to 2021. D: diopter; SE: spherical equivalent.
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Figure 3. Spherical equivalent distribution and high myopia prevalence for different school stages. (A) Spherical equivalent distribution for different
school stages, respectively, from 2019 to 2021. (B) High myopia prevalence for different school stages, respectively, from 2019 to 2021. D: diopter;

SE: spherical equivalent.
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Figure 4 shows usthe proportion of high myopiaand economic
development levels in southern China. The proportion of
children and adolescents with high myopia varied between
2.60% and 5.83%in 2019, 2.97% and 5.18% in 2020, and 3.53%

15%
2019
2020 12.
- 2021 1991 75
=
£ 10%
[}
(3]
=
5}
= 5.88 563
o S50
L 5%
&
133135 ) o8
0% ||

Primary school Middle school
School stage

High school

and 5.31% in 2021 with coasta and southern cities more
affected. In 2019, before the COVID-19 pandemic, the rate of
high myopiacorrelated with the economic level (r=0.83, P=.02),
with Guangzhou (the capital city) having arate of 3.93% (Figure
5). However, there was a weak correlation between 2020 and
2021 (r=0.05 and 0.41, respectively; for both P>.05).

Figure4. The proportion of cities with high myopia by GDP per capitalevel in Guangdong Province, China. GDP: gross domestic product.
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Figure5. Prevalence of high myopiaand the per capita GDP in the cities of Guangdong province, China, in 2019. GDP: gross domestic product; RMB:

renminbi.
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Figure 6 shows that age was a significant risk factor for the
progression of high myopia with the highest permutation

Huizhou
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importance, followed by MAP and GDP. Sexual maturity, BMI,
and sex were not significantly correlated with high myopia.

Figure6. Important feature analysis. GDP: gross domestic product; MAP: mean arterial pressure.
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Prediction for the Onset of High Myopia

Because MAPR, GDP, sexual maturity, BMI, and sex reduced
the model’s predictive performance, age, UDVA, and SE of the
first 2 yearswere selected as predictors. T-distributed stochastic
neighbor embedding showed that the data pointswere separabl e,
thusrevealing thefeasibility for prediction (Figure 7). Compared
to logistic regression, the support vector machine, and the
k-nearest neighbor agorithm, the random forest agorithm
achieved the highest accuracy (Table 2). We adopted a grid
search to explore optimal hyperparameters, resulting in 100
estimatorswith amaximum depth of 19 for each tree. The model
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achieved an accuracy of 0.939 for the CV set and 0.948 for the
test set. Therecallsof the CV and test setswere 0.964 and 0.949,
respectively, indicating that most positive cases were correctly
predicted. According to the AUC score, there was a 97.5%
chance for positive samples to have higher probabilities than
negative ones in the test set, again demonstrating sufficient
model efficacy. The K-S value was 0.895 for the test set,
indicating that the most positive and negative samples were
successfully differentiated (Figure 8 and Table 3). Our algorithm
showed reliable performance in the external validation, with
high accuracy (0.971), AUC (0.957), and K-S value (0.846),
demonstrating the ability of the model to generalize data.
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Figure 7. Visualization of standardized data by t-distributed stochastic neighbor embedding.

Positive sample

Negative sample

Table 2. Comparison of methods.

Evaluation metrics Accuracy 5-Fold cross-validation Precision Recall F,-score
Logistic regression 0.85 0.87 0.86 0.85 0.86
Support vector machine 0.88 0.89 0.92 0.85 0.89
k-Nearest neighbor algorithm 0.88 0.90 0.88 0.89 0.89
Random forest algorithm 0.95 0.96 0.95 0.95 0.95

Figure 8. The model performsin differentiating positive and negative samples. (A) Receiver operating characteristic curve of the train, CV, test, and
external test sets; (B) Kolmogorov-Smirnov plot of thetrain, CV, test, and external test sets. AUC: areaunder the receiver operating characteristic curve;
CV: cross-validation; FPR: false positive rate; K-S: Kolmogorov-Smirnov; TPR: true positive rate.

A B

1.0 J"i 1.0
081 Train AUC: 1.000 0.8
) CV AUC: 0,979
£ ned Test AUC: 0.975
Z 0.6 External test AUC: 0,957+ é 06 Teain K-5: 1.000
2 E CV K-S: 0.885
5 | = Test K-S: 0.895
E L = 04 External test K-S: ()546|
= I
= Train set -+ Train set
0.21 CV set 02 -==-- (CV set
—— Test set H —— Test set
0.0 External test set 0.0 —-—- External test set
0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0
FPR or (1-specificity) 1-Threshold
Table 3. Performance of the random forest classifier in the train, CV? and test sets.
Evaluation metrics Accuracy Precision Recall AUCP K-<¢
Train set 1.000 1.000 1.000 1.000 1.000
CV set 0.939 0.916 0.964 0.979 0.885
Test set 0.948 0.953 0.949 0.975 0.895
8CV: cross-validation.
PAUC: the area under the curve.
®K-S: Kolmogorov-Smirnov.
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Discussion

Principal Findings

Real-world research is important for public heath and
epidemiologic investigations [17]. Our study was based on
real-world vision screening records, which included students’
age, sex, location, class, grade, school type, UDVA, NCR,
systolic pressure, diastolic pressure, height, weight, and sexual
maturity. We best attempted to identify the prevalence pattern
of high myopiafor children and adolescents in southern China
in different years, ages, school types, and cities. We selected
age, UDVA, and SE as predictorsand generated arandom forest
algorithm for predicting the onset of high myopiafor the first
time.

NCR wasthe main outcome of our research, which corresponds
to Chinese large-scale myopia screening practices. Next, we
included the combination of UDVA and NCR as a cutoff to
screen for high myopiain large-scale school screening, aiming
to reduce the gap between screening myopia (based on NCR)
and its real-world prevalence. We acknowledge that the gold
standard for refraction in children and adolescentsisrefraction
with cycloplegia[14]. Therefore, children suspected with high
myopiathrough our prediction model werewarned and referred
for acycloplegic examination. Effective intervention should be
conducted immediately to prevent the development of high
myopiain the following year.

As confirmed in our study, the prevalence of high myopiain
children and adol escents from southern China was higher than
the global prevalence (4.0%) [2]. The incidence rate of high
myopiarose exponentially with age, with an average growth of
>1% annualy from the age of 7 to 11 years; increasing
prevalence rates of high myopia were observed among
individualsin elementary, middle, and high schools. There are
several epidemiological studies of myopia in China. Among
screened university studentsin Shanghai (in 2012), 19.5% had
high myopia [18]. In Wenzhou City (in 2019), the prevalence
of high myopiain elementary, middle, and high school students
was 0.95%, 6.90%, and 12.98%, respectively [6]. In Chengdu
City (in 2019), the prevalence rate was 1.7% among children
aged 3-14 years [19]. These studies were cross-sectional
descriptions of the incidence rate of high myopia in different
years, cities, and populations, but they did not mention the
developmental patterns of high myopiawith age. Nevertheless,
these studies showed that the prevalence of high myopia had
worsened and become a global concern.

We dso found a relationship between high myopia and
economic development. A published report has shown that
economic growth is negatively associated with the vision of
school children in China. Every 100% increase in GDP was
associated with a 20% increase in the relative risk of moderate
to severe visual impairment [20]. Our results were consistent
with those of previous studies, with coastal and southern cities
(which had higher GDPs) being more affected. This could be
because areas with high GDP per capita tend to be wealthier
and have more developed school systems. The explanation lies
inthelink between GDP and education, with intensive education
systems as the causal factor [21]. Guangzhou had a relatively

https://www.jmir.org/2023/1/e39507
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low rate of high myopia. We speculatethat eye health education
has been widely promoted infirst-level cities. Parents pay more
attention to their children’s vision and have more hospitals
available. This suggested that comprehensive myopia prevention
and control initiatives are crucial, and the results from
Guangzhou are worth promoting in other areas.

We extracted factors such as age, sex, location, MAP, BMI, and
sexual maturity from the data set for further analysis and found
that age was the most important risk factor, followed by MAP,
GDP, sexua maturity, BMI, and sex. Behaviora and
environmental factors such as economic development, time
spent outdoors, physical activity, green scenery exposure,
sunlight exposure, near-work activity, smartphone overuse, diet,
and seep, which have been reported as the main factors of
myopiaonset and progression [20,22-24] cannot beinvestigated
in large-scale vision screenings. Our analysis of risk factors of
high myopiais based on areview by the International Myopia
Ingtitute, with the conclusion that the two major risk factorsfor
myopia are high educational pressures and deprivation of time
outdoors[25]. We found that age is a significant factor because
itimpliesahigher cumulative exposure to educational pressures.
Sexual maturity is not linked with increased age and hence
educational exposure. Linksto BMI are probably mediated by
little time for physical activity and, as a result, little time
outdoors. Sex is relevant, but it has a small effect on high
myopia. MAP was negatively correlated with high myopia. This
is consistent with an ocular blood flow measurement in healthy
youths, which showed that patients with high myopia had a
lower MAP than those with low myopia and those with
emmetropia [26]. We speculated that systemic blood pressure
affects ocular blood circulation, leading to high myopia.

To make full use of large-scale data from real-world vision
screening and to provide immediate and timely warnings for
high myopia onset, we studied the influence of related factors
on high myopiaincidence based on machinelearning. Age was
the most significant risk factor. MAP, GDP, sexua maturity,
BMI, and sex affected high myopia, but they were not significant
predictors and they reduced the predictive performance of the
model. Finally, 3 variables—UDVA, SE, and age—were
included to develop a random forest algorithm to predict the
onset of high myopiain the following year. The results showed
that prediction accuracy was >95%, which was reasonable and
clinically acceptable. Although Lin’s [9] model could predict
SE and the onset of high myopia at 18 years of age as early as
8 yearsin advance, it was complicated and confined to patients
with cycloplegic refraction and annual progression rates. Wang's
prediction model was derived from 2740 cycloplegic
autorefraction data [8], showing UDVA, SE, axia length, flat
keratometry reading, sex, and parental myopiaas predictiverisk
factors. However, it could not be applied widely because
obtaining such a high volume of information through myopia
screening is difficult. In this regard, our research was more
practical in predicting the onset of high myopia in vision
screening because only age, UDVA, and NCR were included.

The strengths of our study include the large sample size and the
real-world nature of the data. Owing to some weaknesses of
internal validity, study design, incomplete or incorrect data
entry, or selection bias[27], many challenges must be addressed
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when using real-world screening data. Through special sampling
and selection of statistical methods, we used real-world
large-scal e data collected from vision screening to illustrate the
preval ence patterns of high myopiain children and adolescents
in southern China and efficiently predicted the onset of high
myopiain large-scale screening for the first time. We aimed to
build amodel, which could predict high myopiain children and
adolescents, and deduce the rel ationship between high myopia
and different factorsto formulate a policy against high myopia.
Future research could include a more thorough analysis of the

Guan €t al

Conclusions

High myopia had a high incidence in Guangdong Province. Its
onset in children and adolescents was well predicted by the
random forest algorithm. Efficient use of real-world data can
contribute to the prevention and early diagnosis of high myopia.
In the future, we aim to develop a smartphone app that allows
people to input their age, UDVA, and NCR to predict the risk
of high myopia The adaptation of network- and
smartphone-based myopia prediction platforms will provide a
new model for vision screening, and it can dramatically improve

results to incorporate improvements in the methodol ogy. vision health in the subsequent generations.
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UDVA: uncorrected distance visua acuity
VA: visual acuity
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