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Abstract
Background  To evaluate the accuracy of artificial intelligence (AI)-based technology in recognizing tessellated 
fundus in students aged 7–14 years.

Methods  A retrospective study was conducted to collect consecutive fundus photographs for visual function 
screening of students aged 7–14 years old in Haikou City from June 2018 to May 2019, and 1907 cases were included 
in the study. Among them, 949 cases were male and 958cases were female. The results were manually analyzed by 
two attending ophthalmologists to ensure the accuracy of the results. In case of discrepancies between the results 
analyzed by the two methods, the manual results were used as the standard. To assess the sensitivity and specificity 
of AI in recognizing tessellated fundus, a Kappa consistency test was performed comparing the results of manual 
recognition with those of AI recognition.

Results  Among 1907 cases, 1782 cases, or 93.4%, were completely consistent with the recognition results of manual 
and AI; 125 cases, or 6.6%, were analyzed with differences. The diagnostic rates of manual and AI for tessellated fundus 
were 26.1% and 26.4%, respectively. The sensitivity, specificity and area of the ROC curve (AUC) of AI for recognizing 
tessellated fundus in students aged 7–14 years were 88.0%, 95.4% and 0.917, respectively. The results of test showed 
that that the manual and AI identification results were highly consistent (κ = 0.831, P = 0.000).

Conclusion  AI analysis has high specificity and sensitivity for tessellated fundus identification in students aged 7–14 
years, and it is feasible to apply artificial intelligence to visual function screening in students aged 7–14 years.
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Background
Myopia is one of the most common eye diseases in the 
world [1–3], and studies have suggested that the global 
prevalence of myopia was 28.3% in 2010, and is projected 
to reach 49.8% in 2050 [4]. In China, the prevalence of 
myopia among schoolchildren ranks first in the world [5]. 
Tesselated fundus (TF), characterized by the clear vis-
ibility of large choroidal vessels surrounding the macular 
central recess and the vascular arch, is an important early 
manifestation of pathologic myopia [6, 7]. Pathological 
myopia can lead to myopic macular degeneration (MMD) 
and posterior scleral staphyloma, resulting in irreversible 
vision loss [8]. Therefore, screening children with fundus 
tessellation, even in the early stages of pathologic myopia 
where visual impairment is not yet present, is crucial for 
several reasons. It allows for early detection and inter-
vention, which can help slow the progression of myo-
pia and reduce the risk of severe complications later in 
life. Additionally, screening facilitates risk stratification, 
enabling personalized management for those at higher 
risk. It also supports public health planning by provid-
ing data on the prevalence of early-stage myopia, aiding 
in resource allocation and the development of preventive 
education programs. Furthermore, early screening con-
tributes to longitudinal research, enhancing our under-
standing of myopia’s progression and informing future 
treatment strategies [9].

With the advantages of large data resources, preci-
sion, accuracy and stability beyond human ability, as 
well as the ability to save human resources, artificial 
intelligence analysis has become increasingly popular in 
clinical medical research applications. In recent years, 
AI techniques represented by deep convolutional neural 
networks (DCNN) have been successfully applied to the 
automatic identification and quantitative segmentation 
tasks of various retinopathies, such as diabetic retinopa-
thy (DR) [10, 11], retinopathy of prematurity (ROP) [12, 
13], age-related macular degeneration (AMD) [14], glau-
coma [15–17], and other ophthalmic diseases in screen-
ing. Research on the identification of TF, particularly its 
association with pathologic myopia, has been gaining 
attention in recent years. In the context of myopia, AI 
technologies have been applied to detect myopic macu-
lopathy and other related retinal conditions. For instance, 
studies by Tan et al. (2021) [18] and Lu et al. (2021) [19] 
demonstrated that AI could accurately identify myo-
pic maculopathy and pathologic myopia using fundus 
photographs, with performance metrics indicating high 
sensitivity and specificity. More recently, deep learn-
ing algorithms (DL) have been reported to be applied to 
automatically detect myopic macular degeneration and 
pathologic myopic fundus images [20–22]. In this study, 
we used manual and artificial intelligence to identify the 
TF changes shown by fundus photography for visual 

function screening of students aged 7–14 years old, and 
compared the consistency of the two approaches, with 
a view to providing a faster and more effective means of 
screening TF in primary and secondary school students, 
as well as to compensate for the defect of misdiagnosis 
due to the inexperience of physicians to a certain extent. 
The results are reported as follows.

Objects and methods
Study participants
This was a retrospective study approved by the Ethics 
Committee of Haikou People’s Hospital (approval num-
ber: 2020 − 232). All patients signed a written informed 
consent.

During the visual function screening of primary and 
secondary school students in Haikou City from June 2018 
to May 2019, a total of 15,633 cases of 31,266 eyes were 
referred to the Department of Ophthalmology of Haikou 
Hospital, affiliated to Xiangya School of Medicine, Cen-
tral South University. For those with refraction not in 
the range of ± 1.50 DS in either eye, further specialty 
examinations were conducted. These included fundus 
photography, pupil dilation optometry, and biometric 
measurements. Excluding those with poor picture qual-
ity, incomplete information and age greater than 14 years 
or less than 7 years, a total of 1907 cases were included in 
this study. Considering the variability of both eyes for the 
leopard-like manifestation, the right eyes were selected 
for this study.

Detection method
All patients underwent fundus examination using an 
automatic pupil-less Upstate Fundus Camera (SK-650 A, 
Chongqing, China), which captured 45° color fundus 
images of the patients centered on the macula. Artificial 
intelligence software (Airdoc, Beijing, China) was used 
to automatically detect leopard-like fundus changes, and 
the results of image detection were automatically recog-
nized. This AI software utilizes deep learning algorithms 
to analyze the fundus images, identifying patterns and 
anomalies that may indicate the presence of leopard-like 
changes. The software version used in this application 
operates on a classification principle, tagging images with 
different disease labels. Similar to a doctor’s image inter-
pretation, the software makes judgments based on visual 
features. It includes an image enhancement module 
designed to minimize the impact of varying light intensi-
ties or refractive media on the results. The output of the 
deep neural network is a vector, and based on the value of 
the heat map output vector, the quantitative description 
of the TF was realized by region segmentation, and the 
AI software gave the prediction of the TF (Fig. 1).

Manual analysis was performed separately by two phy-
sicians with the title of attending physician or above to 
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ensure the accuracy of the manual analysis. These physi-
cians were selected based on their extensive experience 
and expertise in fundus examination and diagnosis. Oph-
thalmologists typically grade TF based on the extent of 
exposure of large choroidal vessels in the fundus: Grade 
0, no choroidal vessel exposure (no TF); Grade 1, visible 
large choroidal vessels (mild TF); Grade 2, visible large 
and medium choroidal vessels (moderate TF); Grade 3, 
extensive visibility of large and medium choroidal vessels 
(severe TF). In case of discrepancies between the results 
of the two analysis methods, the manual analysis results 
were used as the standard. For cases where the two phy-
sicians made different judgments, they discussed only 
the differing images to reach a consensus, ensuring that 
each case was thoroughly evaluated and agreed upon. 
The agreement rate of the two analysis methods was cal-
culated and compared. This comparison helps in under-
standing the reliability and accuracy of the AI software 
in real-world clinical settings. Consistency rate = (num-
ber of eyes with the same diagnostic result/total number 
of valid eyes collected) × 100%. A high consistency rate 
indicates a strong agreement between the AI and manual 
analysis, validating the effectiveness of the AI software.

Statistical analysis
SPSS 23.0 software was used for statistical analysis. 
Kappa consistency test was performed on the results of 
manual analysis and AI analysis, and Kappa values were 
judged by the following criteria: 0.0 ≤ κ < 0.2 was a very 
poor degree of consistency; 0.2 ≤ κ < 0.4 was a general 
consistency; 0.4 ≤ κ < 0.6 was a moderate degree of con-
sistency; 0.6 ≤ κ < 0.8 was a good degree of consistency; 
0.8 ≤ κ < 1 was a strong degree of consistency. The p < 0.05 
was considered as the difference was statistically signifi-
cant. The sensitivity and specificity of the computational 
AI analysis for TF changes in students aged 7–14 years.

Results
This study included 1907 cases of primary and second-
ary school students, including 949 males (49.8%) and 958 
females (50.2%). Their ages ranged from 7 to 14 years old, 
with a mean age of 10.6 ± 2.33 years. The mean age of 
male and female subjects was 10.7 ± 2.31 and 10.5 ± 2.35 
years old, respectively, and the difference was not statisti-
cally significant when comparing the mean age of those 
of different genders (t = 1.805, p = 0.071). Their right eyes 
were used for further analysis.

Among 1907 right eyes, 498 eyes (26.1%) were diag-
nosed by the ophthalmologist as having TF, including 264 
males and 234 females. The distribution of all TF of eye in 
different ages is shown in Fig. 2A, the results showed that 
28 eyes were from 7 years old, 37 eyes were from 8 years 
old, 30 eyes were from 9 years old, 48 eyes were from 10 
years old, 57 eyes were from 11 years old, 50 eyes were 
from 12 years old, 139 eyes were from 13 years old, and 
109 eyes were from 14 years old patients. Meanwhile, the 
axial length of the right eye in the leopard fundus group 
was significantly larger than that in the non-leopard fun-
dus group at different ages (Fig. 2B/C).

In addition, there were 0 and 2 leopard and non-
leopard eyes with refractions greater than + 6.00D; 2 
and 7 leopard and non-leopard eyes with refractions in 
the range of + 3.00D to + 6.00D; 59 and 313 leopard and 
non-leopard eyes with refractions in the range of 0D to 
+ 3.00D; Leopard and non-leopard eyes with refractive 
error in the range of -3.000D to 0D were 248 and 840 
eyes, respectively. Leopard and non-leopard-shaped eyes 
in the refractive error range of -6.00D to -3.00D were 155 
and 217 eyes, respectively; and leopard and non-leopard 
eyes in the refractive error range of less than − 6.00D 
were 34 and 30 eyes, respectively (Fig. 3).

Among 1907 eyes, the manual analysis showed 498 and 
1409 eyes with TF changes and non-TF changes, respec-
tively. The AI analysis showed 503 and 1404 eyes with TF 

Fig. 1  Representative heat maps generated by artificial intelligence for different severities of TF
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Fig. 3  Comparison of the number of eyes in different refractive ranges between TF and non- TF

 

Fig. 2  Comparison of age distribution and mean ocular axis between leopard and non-TF. A, Age distribution of TF and non-TF in primary and secondary 
school students. B-C. Comparison of mean ocular axis of TF and non-TF in whole (B) or different ages(C).
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changes and non-TF changes, respectively. The results 
of manual analysis and AI analysis were in complete 
agreement in 1782 eyes, accounting for 93.4%, and there 
were differences in the analysis in 125 eyes, accounting 
for 6.6%. The diagnostic rates of manual analysis and AI 
analysis for TF changes were 26.1% and 26.4%, respec-
tively. The results of the two modalities for TF interpre-
tation were consistent for 438 eyes (Table  1; Fig.  4A). 
The sensitivity, specificity, total effective rate and area 
of the ROC curve (AUC) of the AI interpretation of TF 
in primary and secondary school students were 88.0%, 
95.4%, 93.4% and 0.917, respectively (Fig. 4B). The kappa 
concordance test showed a high degree of consistency 
between the diagnostic results of the manual and AI 
analyses (κ = 0.831, P = 0.000).

Discussion
In this study, we evaluated the accuracy and feasibility 
of using AI technology to recognize TF in students aged 
7–14 years during visual function screening. A retro-
spective design was employed, involving 1,907 students 
whose fundus photographs were analyzed both manu-
ally by experienced ophthalmologists and automatically 
by AI software. It demonstrated that AI has high sensi-
tivity (88.0%) and specificity (95.4%) for recognizing TF, 
showing strong agreement with manual analysis. These 
findings highlight the potential of AI in early detection 
of pathological myopia among children, which is crucial 
for timely intervention and management. Adolescent 
myopia has become a serious public health problem in 
China, showing a rapid increase in incidence rate and 
constantly low age. Studies have shown that behavioral 
changes during COVID-19 isolation may have an impact 
on the progression of myopia [23, 24]. High myopia 
increases the risk of myopic choroidal neovascularization 
(mCNV), glaucoma, cataract, and retinal detachment 
[25, 26]. Children aged 7–14 years are in a sensitive and 
critical period of vision development, so early detection 
and intervention of myopia are of great significance. AI 
technology represented by Deep convolutional neural 
network (DCNN) has been widely applied to various 
retinopathy based on fundus color photography, such as 

Table 1  Cross-tabulation of the results of manual and AI analysis 
of TF eyes in primary and secondary school students
Manul AI tessellated 

fundus
Non tessel-
lated fundus

Total

tessellated fundus 438 65 503
Non tessellated fundus 60 1344 1404
Total 498 1409 1907
AI, artificial intelligence

Fig. 4  A, Wayne diagram showing comparison of overlap between manual and AI interpretation of the TF. B, ROC curve showed the accuracy of AI’s 
fundus diagnosis of leopard shape. TF; AUC, area under curve
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diabetic retinopathy, age-related macular degeneration, 
glaucoma optic neuropathy, etc [10–17].

In the current study, we compared the mean axial 
length of the fundus of 1907 primary and secondary 
school students aged 7–14 years in Haikou City with 
TF and non-TF, and found that the mean axes of the TF 
were higher than those of the non-TF in each age group, 
and tended to be more flattened than those of the non-
TF in the refractive power distribution, which suggests 
a connection between the leopard patterned fundus and 
the axes of the eye and refractive power. Moreover, the 
results of manual and AI analysis of fundus photogra-
phy TF alterations showed a high degree of consistency 
with 93.4% complete agreement between manual and AI 
analysis. The reason for the difference in diagnosis may 
be due to the insufficient recognition of atypical diseases 
such as optic disc edema, increased cup-to-disc ratio, 
myopic arcuate spot, and others by AI technology, or 
the poor quality of fundus images with smaller pupils or 
refractive interstitial clouding. The sensitivity, specificity 
and AUC of AI analysis of TF in primary and secondary 
school students were 88.0%, 95.4% and 0.917, respec-
tively, which demonstrated that AI technology has a high 
specificity for TF recognition in primary and secondary 
school students. This study demonstrated that artificial 
intelligence technology has high specificity and sensitiv-
ity for the identification of TF, and that it is feasible to 
apply artificial intelligence technology to the screening 
of visual function in primary and secondary school stu-
dents, which can detect early myopia and TF changes in 
7–14 years old children in China, and play a key role in 
the tracking of myopia changes and the corresponding 
complications at a later stage, and provide a scientific 
basis for the prevention and control of myopia.

With the advancement of technology, AI diagnosis 
will be more accurate in the future, and develop in the 
direction of integrating picture interpretation, etiology 
analysis, and treatment plan provision. Comprehensive 
AI analysis of the results, to carry out timely treatment, 
which is the significance of the rapid detection of AI. 
Although AI analysis is not perfect at this stage and needs 
to be further optimized, it is undeniable that AI analysis 
provides a new method for fundus screening of primary 
and secondary school students, which is a trend of future 
medical development, especially for areas with backward 
medical resources, it can effectively reduce the workload 
of ophthalmologists, and it has a significant value for the 
discovery and follow-up of the TF in primary and sec-
ondary school students.

This study has some limitations, firstly, the diagnosis 
of TF is subjective and lacks objective indicators. How-
ever, the two reviewers are experienced ophthalmologists 
in this field and their decisions were based on the same 
review standard. This maximizes the accuracy of the 

results. Secondly, the results of this study were limited 
to primary and secondary school students and were the 
results of the follow-up examinations of those who were 
in doubt in the initial screening of visual function. This 
may lead to a selection bias, resulting in a high preva-
lence rate of TF of 26.1%, which is not representative of 
the prevalence rate of leptomeningeal fund in the general 
population. In addition, corneal curvature, corneal thick-
ness, OCT, and OCT angiography (OCTA) examinations 
can be added in the future to analyze their relationship 
with the prevalence of TF and to further validate the fea-
sibility of artificial intelligence to analyze TF alterations 
in visual function screening.

Conclusion
AI analysis has high specificity and sensitivity for TF 
identification in students aged 7–14 years, and it is fea-
sible to apply artificial intelligence to visual function 
screening in students aged 7–14 years.
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