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A B S T R A C T

This study developed deep learning (DL) models to predict axial length (AL) in 6–10-year-old schoolchildren 
using minimally abnormal color fundus photographs (CFPs), while evaluating the impact of integrating age, 
Diopter Sphere (DS), and sex. Following quality assessment of 5460 initial CFPs from 3840 children, 3840 images 
from 2779 children were utilized and partitioned into training (70 %), validation (20 %), and test (10 %) sets. 
ResNet101 served as the core architecture, with supplemental clinical parameters integrated into the fully 
connected layer for continuous AL prediction. Model interpretation employed Grad-CAM-generated heatmaps. 
Comparative analysis demonstrated that DS and age achieved moderate predictive accuracy (R2 = 0.37), a CFP- 
only model showed significantly stronger performance (R2 = 0.70), and combining CFPs with DS and age further 
improved accuracy (R2 = 0.75). However, incorporating sex alongside CFPs, DS, and age substantially reduced 
efficacy (R2 = 0.41). Heatmaps revealed that regions critical for AL predictions anatomically corresponded to 
retinal vasculature and immediate perivascular tissues. These findings collectively indicate that DL may leverage 
near-normal CFPs for pediatric AL prediction, with selective enhancement by age and DS, but degradation when 
categorical variables (such as sex) are included. Subtle changes in the fundus vasculature may help DL to identify 
the cause of CFP changes with AL.

1. Introduction

Globally, myopia is one of the leading causes of visual impairment 
and blindness. Uncorrected refractive error remains the leading cause of 
visual impairment in both pediatric and adult populations worldwide 
(Burton et al., 2021). By the year 2050, approximately 50 % of the global 
population will have myopia, with 10 % of this group exhibiting high 
myopia. This trend exhibits an upward trajectory (Holden et al., 2016). 
Meanwhile, visual impairment also imposes a significant financial 
burden worldwide, with an estimated annual loss in global productivity 
of $411 billion (Bullimore et al., 2021). Myopia, especially high myopia, 

is strongly associated with a significant risk of complications that can 
lead to blindness and impaired vision (Vision Loss Expert Group, 2021). 
Pathologic myopia complications include high myopic choroidal neo
vascularization, retinal choroidal atrophy, retinal cleavage, macular 
tear, and even retinal detachment (Vision Loss Expert Group, 2021). 
Early fundus monitoring in myopic patients and adolescents facilitates 
the detection of fundus lesions, enabling early prevention and inter
vention (Nasseri et al., 2024).

The axial length (AL) is an indicator of eyeball size (Kakita et al., 
2011). It has emerged as a key predictor of myopia progression and 
control in children, where early intervention targeting excessive AL 
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elongation is vital for preventing high myopia and associated compli
cations, such as posterior scleral staphyloma (Li et al., 2024). Crucially, 
AL elongation induces both refractive changes and distinct morpholog
ical alterations in the fundus. Eyes with longer ALs often exhibit 
discernible abnormalities on color fundus photographs (CFPs), such as 
fundus tessellation (FT), peripapillary atrophy (PPA), diffuse or patchy 
choroidal-retinal atrophy (Hayashi et al., 2010), as well as modifications 
around the optic nerve and straightening of retinal vessels. These 
established morphometric associations between AL and fundus structure 
provide a biological foundation for correlating AL with features 
captured in CFPs.

Deep learning (DL), particularly convolutional neural networks 
(CNNs), has been increasingly applied to analyze CFPs for myopia- 
related tasks (Qian et al., 2024; Meng et al., 2024; Prashar and Tay, 
2024). As DL and artificial intelligence (AI) methods continue to be 
combined with CFP and other data, screening data can be used to clas
sify and perform supervised learning (Liu et al., 2022; Wang et al., 
2024). DL excels at identifying subtle, complex patterns within images 
that may elude conventional analysis. For instance, Wei et al. utilized an 
AI-assisted method to quantify choroidal macrovascular areas in CFPs 
and found a significant correlation with AL (Wei et al., 2023). Research 
has also examined incorporating demographic factors, such as age and 
sex, alongside CFP data to enhance the predictive accuracy of ocular 
parameters, including AL (Yamashita et al., 2020; Zhu et al., 2022). 
However, despite these advances, no studies have specifically developed 
CNN models to predict AL using CFPs obtained during routine myopia 
screening in school-aged children– a population where early AL moni
toring is paramount, but tools like optical biometers are often inacces
sible in screening settings (Cao et al., 2023; Zhang et al., 2024; Gu et al., 
2024).

Thus, the main aim of this study was to develop a CNN-based model 
for predicting AL in 6–10-year-old schoolchildren using CFP and basic 
information including age and/or sex, and the results were used to 
explore the correlation between AL, sex and age-related features, thus 
broadening the role of normal fundus structure in predicting the AL 
values in the development of myopia, and discover more ocular infor
mation potentially contained in the CFP.

2. Methods

2.1. Data collection and preprocessing

The design of models and selection of CFPs is illustrated in Fig. 1. The 
study was approved by the Ethics Committee of Tianjin Medical Uni
versity Eye Hospital and conducted in accordance with the principles 
outlined in the Declaration of Helsinki (2024KY-67). Patients with basic 
refractive information and CFP were selected from the Tianjin Myopia 
Screening 2023–2025 for school children aged 6–10 years. Children 
using myopia control interventions, including orthokeratology lenses or 
defocus glasses, were included in the study, as the model primarily fo
cuses on the structural relationship between the fundus and AL. 
Refraction measurements were conducted after cycloplegia induced by 
three drops of 1 % cyclopentolate hydrochloride administered at 5-min 
intervals, with measurements taken 30 min after the final drop (Hu 
et al., 2025). The SE range for inclusion was chosen from − 10D to +10D 
to ensure maximum coverage of refractive error in children. Exclusion 
criteria include any retinal or choroidal disease observable in the CFP, as 
well as patients with other ocular diseases affecting the ocular surface. 
CFP is included to visualize the optic disc and central macular area. In 
7680 fundus photographs, three experienced ophthalmologists reviewed 
the images to ensure the clarity and integrity of the macular, optic disc, 
and vascular information. Finally, 5460 CFPs from 5460 eyes of 2779 
patients were included. These 5460 images included the central macula 
and optic disc from all eyes. Afterwards, we extracted age, sex, cyclo
plegia refraction, and AL data for these children from the screening 
report. The Lenstar LS-900 optical biometer (Haag-Streit AG, Koeniz, 
Switzerland) was used for all AL measurements. All CFP images were 
examined using a 45◦ fundus camera (Canon Inc., 9-1, Kanagawa, 
Japan). Refraction measurements after cycloplegia were conducted by 
using the autorefraction (FKR.800, Topcon, Tokyo, Japan).

Our model employed two input sources: structured data (age, sex, 
and cycloplegic refraction) and CFPs. Regarding the sex information, we 
labeled males as 0 and females as 1 as sex-specific input values. Previous 
studies have highlighted the importance of age in predicting AL, so we 
included age as a factor (Che-Ning et al., 2024). In addition, we incor
porated diopter sphere (DS) degrees as one of the input data. Regarding 

Fig. 1. The process of designing models and selecting CFPs. Exclusion criteria include any retinal or choroidal disease observed in the CFP and patients with other 
ocular surface diseases. The above exclusion process was performed by three experienced ophthalmologists. Model l contained structured data (age and DS), while 
Model 2 included CFP only. Model 3 included CFP, age, and DS. Model 4 included sex, age, CFP, and DS. The outputs are all AL.
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the CFPs, we preprocessed the images at 2736 × 1824 pixels and resized 
them to 224 × 224 pixels for model input. The images were resized to 
224 × 224 pixels to standardize the input for the pre-trained ResNet101 
model, ensuring efficient feature extraction while maintaining diag
nostic integrity. To validate and compare the predictive efficacy of CFP 
for AL and determine whether including additional necessary informa
tion can further enhance prediction, we constructed four models. Model 
l contained structured data (age and DS), while Model 2 included CFP 
only. Model 3 included CFP, age, and DS. Model 4 included sex, age, 
CFP, and DS. The outputs are all AL.

2.2. Model development

The architecture for model development is illustrated in Fig. 2. A 
deep learning-based regression model was developed using ResNet101 
to predict AL from fundus images. The dataset was split into training, 
validation, and test sets in a ratio of 7:2:1. The dataset was trans
formations (Converts an image to a tensor, scales pixel values to [0, 1] if 
they exceed 1, and normalizes using ImageNet mean & std (for pre
trained models) and loaded using PyTorch's DataLoader with a batch 
size of 192 for efficient batch processing. The ResNet101 model was 
initialized with pre-trained weights, and its fully connected layer was 
progressively added to incorporate additional features. (The pre-trained 
weights for ResNet-101 (10.48550/arXiv 0.1512.03385) were sourced 
from PyTorch's model zoo (torchvision.models), which were originally 
trained on the ImageNet-1k dataset (ILSVRC 2012).) These weights are 
the default ones provided by PyTorch when pre-trained = True is used. 
Model 2 used only image data as input, predicting AL solely from fundus 
images. In Model 3, DS and age were introduced as additional inputs 
alongside image features. The Model 4 further incorporated sex as an 
additional variable. A dropout rate of 0.25 was applied before the final 
prediction layer to enhance generalization and reduce overfitting. Pre
vious studies have employed the Mean Absolute Error (MAE) method; 
however, in neural networks, the MAE update gradient remains con
stant, which is not conducive to model learning (Che-Ning et al., 2024). 
We use mean squared error (MSE) to improve the model's accuracy and 
better align with our training objectives. The model was trained using 
the Adam optimizer (learning rate = 0.001) and the MSE loss function. A 

learning rate scheduler (Step LR) was employed to reduce the learning 
rate by a factor of 0.5 every 10 epochs.

The training was conducted for 100 epochs on a GPU-enabled system 
(NVIDIA Tesla P100), utilizing the nn library. DataParallel for multi- 
GPU training. At each epoch, the model was trained and validated. 
This training strategy ensured optimal convergence and prevented 
overfitting, ultimately improving the model's predictive accuracy.

2.3. Heatmap generation

Gradient-weighted Class Activation Mapping (Grad-CAM) is a visu
alization technique that interprets the decision-making process of CNNs 
by highlighting the regions of the input image most influential to the 
model's predictions (Selvaraju et al., 2017). In this study, Grad-CAM was 
used to analyze the model's attention in a ResNet-based regression 
model trained to predict AL from fundus images. The target layer for 
Grad-CAM was selected as the last convolutional layer to capture 
high-level spatial features. During the forward pass, the activations of 
the target layer were extracted, and during the backward pass, the 
gradients of the output with respect to the activations were computed. 
These gradients were then globally averaged to produce a weight map, 
which was combined with the activations to generate heatmap. The 
heatmap was normalized to the range [0, 1] and superimposed on the 
original image using a color map (cv2.COLORMAP_JET) to visualize the 
regions of interest. The implementation ensured that the model was set 
to evaluation mode (model.eval ()) to disable dropout and batch 
normalization layers during inference. This approach provided inter
pretable insights into the model's behavior, demonstrating its ability to 
focus on clinically relevant regions of the fundus images.

2.4. Statistical analysis

Baseline characteristics were expressed as means ± standard de
viations (SD) for continuous variables and as counts (proportions) for 
categorical variables. To evaluate the performance of the deep learning 
regression models (Models 2–4), we utilized the Coefficient of Deter
mination (R2) and MSE. R2 represents the proportion of variance for AL 
explained by the model and is defined as: 

Fig. 2. The process for model development. Image input was preprocessed and pretrained with the deep learning model “Resnet101”. The training was conducted for 
100 epochs on a GPU-enabled system, utilizing the nn library. Data Parallel for multi-GPU training. At each epoch, the model underwent both training and validation. 
The training process included forward propagation, loss computation, backpropagation, and optimization updates. The validation loss was computed at the end of 
each epoch, and the model with the best performance was saved for later evaluation.
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R2 =1 −

∑
(yi − ŷi)

2

∑
(yi − y)2 

The MSE, which measures the average squared difference between 
predicted and actual values, was calculated as: 

MSE=
1
n
∑n

i=1
(yi − ŷi)

2 

Statistical analysis and model implementation were performed using 
Python (version 3.11). A Bland-Altman analysis was performed to assess 
the agreement between the predicted and measured AL values, with the 
limits of agreement defined as the mean difference ±1.96 standard de
viations. These plots and limits of agreement (mean difference ± 1.96 
SD) were generated using the matplotlib and seaborn libraries.

3. Results

3.1. Data characteristics

Table 1 summarizes the eye characteristics. Initially, 3840 school- 
age children were included in this study. Of the 7680 images, 2220 
(28.91 %) were deemed of relatively poor quality and excluded. Finally, 
this study included 5460 fundus images from 5460 eyes of 2779 chil
dren. Of the 2779 children, the mean age was 7.7 ± 0.96 years (range, 
6–10 years). Of the 2779 children, 1473 were female (52.6 %), and 1306 
were male (47.4 %). All the 5460 eyes had macular and optic disc- 
centered images included. The mean AL of the included eyes was 
23.18 ± 0.84 mm (range, 19.84–26.84 mm).

3.2. Models for predicting AL using different input parameters

Fig. 3 analyzes the consistency evaluation of the true and predicted 
AL values in Models 2–4. The R2 and MSEs for all models with different 
input parameters (CFP, age, DS, and/or sex) are presented in Table 2, 
labeled 1–4. In Model 1, R2 is only 0.37, and MSE reaches 0.46 (mm2). 
When only CFP is entered as an eigenvalue, as in Model 2, R2 can reach 
0.70, but the MSE is 0.21 (mm2). After adding DS and age to CFP, Model 
3 R2 improves to 0.75, and the MSE decreases to 0.17 (mm2). Adding sex 
to Model 3 as Model 4 resulted in an R2 of only 0.41 and an MSE of 0.40 
(mm2).

3.3. Heatmap generation

Figs. 4–6 show heatmaps of CFP predictions with varying accuracies 
for AL. In Fig. 4, we present the three patients with CFP who were 
accurately predicted to have AL with up to 100 % accuracy. Their ALs 
were 23.20 mm, 23.51 mm, and 23.77 mm, respectively. In Fig. 5, we 
selected the three patients with CFP who predicted AL with an accuracy 
near the median of the overall accuracies. Their predicted AL values 
were 22.89 mm, 23.01 mm, and 22.68 mm, respectively, while their true 
AL values were 23.06 mm, 22.87 mm, and 22.97 mm, respectively. 
Finally, we selected two heat maps: patients whose true AL values were 
greater than the predicted values (A and B), and those whose true AL 
values were less than the predicted values (C and D), as shown in Fig. 6. 
Their predicted AL values were 22.99 mm, 22.84 mm, 23.30 mm, and 
22.98 mm, respectively. However, their true AL values were 25.04 mm, 
26.76 mm, 22.00 mm, and 21.16 mm, respectively.

4. Discussion

Our study demonstrates that DL models can effectively predict AL in 
school-aged children using CFPs, even in eyes with a largely normal 
fundus appearance. Critically, CFP alone (Model 2, R2 = 0.70) signifi
cantly outperformed predictions based solely on DS and age (Model 1, 
R2 = 0.37). Furthermore, incorporating DS and age alongside CFP 
yielded the highest predictive accuracy (R2 = 0.75). Conversely, adding 
sex information to this combined model (Model 4, R2 = 0.41) 

Table 1 
Baseline characteristics of the data set.

Characteristic Value

Number of children 2779 (5460 eyes)
Sex, male, % 1306, 47.4 %

female,% 1473,52.6 %
Number of CFPs 5460
Axial length, mean ± SD, mm 23.18 ± 0.84

Minimum and maximum, mm 19.84, 26.84
<22 mm 360 (6.6 %)
≥22 mm and <24 mm 4218 (77.2 %)
≥24 mm 882 (16.2 %)

DS, mean ± SD, D 0.64 ± 1.37
Minimum and maximum, D − 5.75, +9.50

Age, mean ± SD, y 7.7 ± 0.96
Minimum and maximum, y 6, 10

CFP: color fundus photography; DS: diopter sphere; SD: Standard Deviation.

Fig. 3. The Bland-Altman plots show the distribution of predicted and actual AL in a test of Model 2 (A), Model 3 (B), and Model 4 (C). Eyes with long ALs tended to 
be underestimated, while those with short ALs tended to be overestimated.

Table 2 
R2, MSE and SD for the 4 prediction models.

Model Model descriptions R2 MSE (mm2) SD (mm2)

1 DS, age 0.37 0.46 ±0.67
2 CFP 0.70 0.21 ±0.45
3 CFP, DS and age 0.75 0.17 ±0.41
4 CFP, DS, age and sex 0.41 0.40 ±0.63

CFP: color fundus photography; DS: diopter sphere; SD: Standard Deviation.
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substantially reduced performance, yielding accuracy comparable to 
that of the DS and age-only models. These findings suggest the potential 
of CFP for estimating the ocular axis in pediatric myopia screening and 
for selecting input parameters for the DL model, both of which are 
necessary considerations.

In the present study, our DL models for AL prediction using only CFP 
achieved an R2 of 0.70. To facilitate comparison with similar studies, we 
summarize the different studies in Table 3. Li et al. reported an R2 of 
0.59 for their deep learning model, which included participants aged 50 
years or older (Dong et al., 2021). The cohort had a mean ± SD AL of 

Fig. 4. Examples showing 3 of the best prediction eyes' heatmaps of integrated gradients from model 2. (A: Actual AL:23.20 mm, Predicted AL:23.20 mm; B: Actual 
AL:23.51 mm, Predicted AL:23.51 mm; C: Actual AL:23.77 mm, Predicted AL:23.76 mm) These heatmaps show that attention is focused on the retinal vasculature 
and the perivascular area.

Fig. 5. Examples showing 3 of the average-accuracy-prediction eyes' heatmaps of integrated gradients from model 2. (A: Actual AL:23.06 mm, Predicted AL:22.89 
mm; B: Actual AL:22.87 mm, Predicted AL:23.01 mm; C: Actual AL:22.97 mm, Predicted AL:22.68 mm) These heatmaps are characterized by a focus of attention on 
the area around the macular, away from the retinal vessels.

Fig. 6. Examples showing 2 heat maps of two patients whose true values of AL were greater than the predicted values (A: Actual AL:25.04 mm, Predicted AL:22.99 
mm; B: Actual AL:26.76 mm, Predicted AL:22.84 mm) and whose true values of AL were less than the predicted values (C: Actual AL:22.00 mm, Predicted AL:23.30 
mm; D: Actual AL:21.16 mm, Predicted AL:22.98 mm) The distraction and lack of attention can be observed in the heat maps, which may be related to the more 
extreme AL values and lack of training.
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23.24 ± 1.15 mm and a low proportion of long eyes (3.1 % of eyes with 
an AL ≥26 mm). The predictive efficacy is high for myopia screening in 
school-aged children and is clinically relevant in real-world scenarios. 
The baseline eye axis and degree of refractive error in children aged 
6–10 years have been reported as independent risk factors for the later 
development of high myopia and pathological changes (Han et al., 2022; 
Lanca et al., 2025). The latest cutting-edge myopia management tools, 
such as low-level red-light therapy and atropine therapy, are also 
centered on axial control (Zhang et al., 2024). Early monitoring and 
control of AL are crucial for preventing the progression of myopia in 
school-age children (Liu et al., 2024). Additionally, CFPs are a key 
component in screening programs for both children and adults, and an 
increasing number of portable fundus cameras are in use. However, tools 
for AL measurements are still not readily available, and our model offers 
the potential for a reduced workflow for myopia screening tasks with a 
large base. Recently, Richul Oh et al. developed a model to predict AL 
using both horizontal and vertical optical coherence tomography im
ages, with MAE and R2 values of 0.592 and 0.847 in the internal test set 
and 0.556 and 0.663 in the external test set (Oh et al., 2024). It worked 
well in images, such as scleral staphyloma, for larger fundus lesions with 
significant changes in fundus curvature. However, AL performs poorly 
on OCT images without obvious fundus abnormalities (Oh et al., 2024). 
In children with essentially normal funds, OCT is not as adaptable as 
CFPs, both in terms of ease of access and necessity.

In terms of model comparisons, the predictive efficacy of model 2 
improved when age and DS were added relative to CFP alone (R2 =

0.75). Yang et al. proposed that age is a significant predictor of AL (Yang 
et al., 2024). This is consistent with our results. Interestingly, the pre
dictions also improved when we included DS. The reason we did not 
improve predictive efficacy for the age factor compared to previous 
studies may be due to the population selection. Previous studies have not 
focused on predicting fundus and AL in children; instead, they have 
discussed the performance of CFP in predicting AL in the elderly and in 
populations spanning a wide age range (Ilanchezian et al.; Korot et al., 
2021). In fact, the potential advantages of this study lies in the com
plementary role of DL itself to medicine, as we selected children of 
similar age and with roughly similar fundus, and in actual clinical 
practice, such CFP may not bring ophthalmologists more diagnostic 
hints, but after DL, the possibility that the CFP can provide information 
about AL is a surprise for this study. Including the age factor improved 
the model's performance. However, because we included children aged 
6–10 years, the age span was not significant, and it is possible that age 
did not play a significant role in the prediction.

In addition, we took sex into account. Indu Ilanchezian et al. pro
posed that sex is an important factor in the accuracy of CFP DL models 
(Ilanchezian et al.). Even Korot et al. used DL to distinguish sex from 
CFPs (Korot et al., 2021). This seems to prove that sex is one of the key 
messages in the CFP. Our study compared the accuracy of including a sex 
factor in AL prediction. This result differs significantly from previous 
studies. Model 4 R2 decreased, but MSE increased after adding sex (R2 =

0.4109, MSE = 0.4051). Takehiro et al. used CFP to predict sex and 
found that sex differences did not begin until about 10 years of age, 
which is consistent with our findings (Yamashita et al., 2023). We 
propose that the CFP may contain DL-recognizable information about 
sex characteristics. However, adding sex information to the CFP base 
instead reduces the accuracy of the CFP in predicting AL. This suggests 
that the correlation between myopia and DL is not significant in children 

aged 6–10 years. This suggests that we carefully select the input to 
incorporate into model training. Adding too much information may 
reduce the model's accuracy, rather than increasing it. In addition, the 
previous study focused on the sex prediction of CFP in adult pairs, 
considering that the adult fundus is more fully developed, while the CFP 
of children aged 6–10 years old is still in the process of development, in 
our model, it is important to note that the CFP information of children of 
a younger age is not a significant indicator of sex in future studies on the 
extraction of sex-related information from CFP.

Currently, CFP-related AI focuses on identifying and detecting in
dividuals with myopic fundus abnormalities. Guo et al. quantified FT 
density and optic disc morphology using DL techniques to investigate 
the correlations between these fundus characteristics and refractive 
function in young patients with myopia (Guo et al., 2024). Gong et al. 
similarly found that FT density (FTD) is significant for the detection and 
prediction of myopic macular degeneration (Gong et al., 2024). In 
another study of school-aged children, the findings indicated that those 
exhibiting a macular FT pattern not only presented with longer AL but 
also more pronounced myopic refraction, compared to their peers with a 
peripapillary FT pattern (Huang et al., 2025). Wei et al. found a corre
lation between FT density and myopia progression in Chinese children 
aged 7–9 years. However, their study used ophthalmologists in a 
semi-supervised mode to calibrate FT density (Li et al., 2025). In our 
study population, more than 90 % of children had normal fundus 
without significant FT and PPA. We know that a phase of diffuse thin
ning and choroidal atrophy precedes the FT phase. Such a period is often 
difficult to detect in CFP (Zhao et al., 2024). We believe that it may be 
such changes processed by DL that can be predictive of the AL. In 
addition, our study was not only a dichoptic task but also a direct pre
diction of AL, which further reinforces the role of DL in processing in
formation difficult for the human eye to recognize. We propose the 
hypothesis that even in a population of children with normal optic discs 
and maculae, subtle changes in detailed fundus-related parameters may 
occur with increasing AL. Such changes may result from variations in 
vascular morphology, including the angle of travel and the bifurcation 
angles of each vessel. Zhao et al. proposed a data analysis model that 
combines a DL model with an attention module to classify images, 
segment vascular structures, and measure vascular parameters, 
including the main angle, branching angle, bifurcation edge angle, and 
bifurcation edge coefficient (Zhao et al., 2024). They found that the 
progression of myopia is associated with a series of quantitative retinal 
vascular parameters, particularly the vascular angles (Zhao et al., 2024).

Subtle color differences in the CFP may be another important basis 
for DL to predict AL. Seiji et al. observed the morphology, area, and color 
of the optic disc in 75 students aged 8–9 years over a six-year follow-up 
period. They found a correlation between optic disc parameters and 
changes in the eye axis during this period (Sameshima et al., 2024). 
Wulff et al. recently found that optical differences between cameras can 
also lead to significant geometric differences between fundus photo
graphs (Wulff et al., 2025). Our study used the same camera model, 
which helps avoid differences in CFP across devices. However, the color 
of fundus photographs is affected by many factors. In the future, it may 
be necessary to explore ways to improve the stability of the CFP pre
diction model across devices. Their results showed that both a smaller 
optic disc area and a gradual deepening of color were positively corre
lated with eye axis growth (Sameshima et al., 2024). In other words, it is 
likely that there is no smaller optic disc area, but that this area appears 
smaller due to the decreased magnification for myopic eyes. Both in 
terms of age and population, this study complements ours. It also pro
vides another hypothesis to make the model interpretable. A magnifi
cation difference could cause changes in the above due to the different 
optical properties of the myopic eye.

Additionally, this study uses a heatmap to visualize the accuracy of 
the deep learning model's results. First, it is important to note that the 
accuracy remains dependent on the data scope. The model demonstrates 
reduced accuracy at AL values above 26 mm and below 22 mm, which 

Table 3 
Performance comparison of different CFP prediction models for AL research.

Author Model descriptions R2 MAE MSE

Che-NingYang et al. CFP / 0.831 /
Dong Li et al. CFP 0.59 0.56 /
Yunzhe Wang et al. CFP (Ultra-wide angle) 0.57 1.41 0.90

CFP: color fundus photography.
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corresponds to the distribution range of the training dataset. Interest
ingly, upon analyzing the heatmap, we observed that for school-age 
children with nearly normal CFP, the DL model did not focus solely on 
the macula and optic disc, as was the case in previous studies. Attention 
was also directed toward the retinal secondary vessels and surrounding 
areas, thereby improving the accuracy of AL predictions. We propose 
that, in young children with minimally abnormal CFPs, the macula and 
optic disc serve as morphological anchors (“static objects”) for deep 
learning models, given their structural prominence and limited micro
structural variance during the initial phase of AL elongation, as illus
trated in the conceptual diagrams in Fig. 7. In contrast, retinal 
vasculature and perivascular tissues exhibit relative biomechanical 
displacement in response to AL increase, manifesting as quantifiable 
feature shifts detectable by models against the stabilized background. 
This vascular dynamism is further amplified by AL-induced alterations 
in vessel distribution patterns. Finally, incorporating the nasal optic 
nerve region degraded prediction accuracy—an effect potentially 
attributable to positional centrality bias in model attention, as evi
denced by activation heatmaps centered on the optic disc.

This study has some limitations. First, although we strictly adopted a 
7:2:1 data split for training, validation, and testing, we did not perform 
external validation across regions with different geographic locations. 
This may compromise the model's robustness. In addition, our predicted 
ALs were primarily for children screened at 6–10 years of age; therefore, 
most children had ALs between 19.84 mm and 26.84 mm, and there was 
insufficient data to train individual abnormal axial lengths using fundus 
images. In the future, we will further improve the model's performance 
by incorporating data from different age groups and high myopia pop
ulations. In addition, although the CFP-predicted AL in our study had an 
R2 > 0.7, there is still a substantial discrepancy between the true and 
predicted values, and measuring the ocular axis remains indispensable 
in clinical testing at this time. We are currently focusing on the potential 
predictive value of specific annotations, such as CFP vascularity and AL. 
Future studies could further enhance the model's predictive power by 
incorporating additional variables such as visual acuity, parental history 
of myopia, and daily outdoor activity time, which were not included in 
the current screening-focused model.

5. Conclusions

In conclusion, we trained four AL prediction models using CFP, age, 
sex, and DS in 6- to 10-year-old schoolchildren. Among them, CFP alone 
was a potential predictor of AL, outperforming the model that used only 
age and DS. Adding age and DS as additional predictors to CFP would 
further improve the prediction accuracy and model stability. In addition, 
incorporating age, DS, and sex into the model along with CFP resulted in 

decreased predictive performance. These findings suggest that careful 
consideration should be given when selecting predictors for AL predic
tion in school-aged children, as adding extraneous factors does not 
necessarily improve model performance. Based on heat map observa
tions, we found that in school-aged children with normal fundi, retinal 
vessels, and peripheries, retinal sensitivity to AL changes increased with 
increasing AL.
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