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Introduction
The prevalence of myopia is increasing globally, posing a signif-
icant public health challenge. It is estimated that approximately 
2 billion people have myopia (≥–0.5 D) currently, with a project-
ed increase to 4.76 billion (49.8% of the world population) by 
2050 [1]. High myopia (≥–6.0 D) is also on the rise, particularly 

in Asian countries, starting at a younger age [2, 3]. Pathologic 
myopia (PM) is a severe form of myopia associated with ex-
cessive axial elongation and structural changes in the posterior 
segment of the eye (e.g. myopic macular degeneration (MMD) 
and posterior staphyloma), leading to visual impairment [3].  
It affects around 3% of the global population, resulting in po-
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Abstract 
Introduction: The maculopathy observed in highly myopic eyes is intricate. Clinical diagnosis of this condition poses 
a significant workload and is subjective, particularly in Asian countries such as China. To streamline and expedite 
the classification of pathologic myopia (PM), a code-free deep learning (CFDL) model was created utilizing a novel 
platform, specifically the Huawei Cloud, which is accessible to regions with restricted availability of other commercial 
platforms. Subsequently, the performance of the CFDL model was assessed against a deep learning (DL) algorithm 
designed for screening PM lesions using color fundus photographs (CFPs).

Methods: This research involved analyzing 12,000 CFPs obtained from 1200 individuals in the PALM dataset. Out of 
these images, 10,800 were utilized for training purposes, while the remaining 1200 were allocated for validation. A 
CFDL algorithm was developed, validated, and tested on the Huawei Cloud platform to screen for PM in CFPs. Addi-
tionally, a custom DL model was trained using transfer learning and the EfficientNet-B8 architecture on the training 
dataset. The study compared the performance metrics, including the area under the receiver operating characteristic 
curve (AUROC), sensitivity, specificity, and accuracy, of the CFDL model with those of the bespoke DL model.

Results: In the validation dataset, the CFDL model exhibited AUROCs ranging from 0.95 to 0.98 for detecting PM and 
normal fundus, sensitivities between 92.90% and 93.10%, specificities from 93% to 97.60%, and an overall accuracy 
of 92.90%. Conversely, the custom traditional DL model achieved AUROCs of 0.94 to 0.96, sensitivities ranging from 
91.2% to 92%, specificities between 92.5% and 94%, and an overall accuracy of 91.8%.

Conclusion: We created a CFDL model on the Huawei cloud platform to detect and screen for PM using CFPs. Our 
model demonstrated superior sensitivities, specificities, and consistent accuracies when compared to conventional DL 
methods.
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Figure 1: CFP example of a normal fundus Figure 2: CFP example of a PM fundus

tential productivity loss and a significant economic burden on 
healthcare systems [4]. Timely identification and prevention of 
PM progression are crucial. Nevertheless, there is a significant 
shortage of ophthalmologists to care for high-risk populations, 
particularly in less developed nations [5, 6]. The use of artificial 
intelligence (AI) for automated detection of PM holds promise 
in addressing this challenge.

AI systems, particularly deep learning (DL) algorithms, have 
shown high accuracy, sensitivity, and specificity in ophthal-
mology imaging for various conditions, including myopia [7]. 
AI applications in myopia encompass diagnosis, classification 
of PM, prediction of progression, and guidance for refractive 
surgery [7]. The use of imaging modalities has evolved from 
fundus images to optical coherence tomography (OCT) images 
[7]. Moreover, a novel type of deep learning, referred to as code-
free deep learning (CFDL), has emerged to empower healthcare 
providers with limited coding expertise to create their own AI 
algorithms for screening purposes [8]. The introduction of a 
CFDL construction platform by Huawei Cloud, in addition to 
existing platforms like Google, Apple, and Microsoft Azure, of-
fers a code-free approach for users to develop AI algorithms [9]. 

Despite the diverse range of AI models for myopia screening 
developed through various methods and platforms, there is 
a lack of comprehensive evaluation on the performance of AI 
models created using the Huawei platform. This evaluation is 
crucial, especially for Asian countries without unrestricted ac-
cess to other commercial platforms like Google, as it presents 
an opportunity to explore the potential of the Huawei platform. 
Assessing the performance of AI models derived from the Hua-
wei platform can provide valuable insights to ophthalmologists 
worldwide, particularly in Asian countries, seeking accessible 
and effective AI solutions to meet the growing demand for time-
ly myopia screenings.

This paper emphasizes the potential of the PM screening model 
created with the Huawei Cloud CFDL platform and evaluates 
its effectiveness against a custom DL model trained on the same 
dataset.

Methods
Data Acquisition 
This research utilized color fundus photographs (CFP) from the 
publicly accessible PALM dataset, which was made available 
as part of the Pathological Myopia challenge. Approval for data 
usage was granted by the dataset's data manager on the corre-
sponding webpage. We adhered to the guidelines outlined by the 
data manager on the webpage and obtained informed consent 
from all participants.

The PALM dataset comprises retinal images obtained retrospec-
tively from a myopic examination cohort at the Zhongshan Oph-
thalmic Center (ZOC), Sun Yat-sen University, China [10]. Each 
colour fundus photograph (CFP) was taken with the optic disc 
(OD) and macula as the centre in either a single field of view or 
a dual field of view. The image retrieval protocol was approved 
by the ZOC ethics board. CFPs were included based on criteria 
such as single or dual field of view acquisition and absence of 
significant quality issues that could impact image clarity. Images 
were excluded if they displayed treatment marks, exposure abnor-
malities, refractive interstitial opacities, contaminations, or lacked 
origin information. The final dataset consisted of CFPs from the 
left eyes of 720 subjects, with 1-3 high-quality images retained 
per eye, totaling 1200 CFPs. These images were captured simul-
taneously during the same examination. Among the subjects, 
48.1% were male, with an average age of 37.5 ± 15.91 years, and 
all subjects were of Chinese ethnicity. The dataset comprised 1047 
images taken with a Zeiss Visucam 500 camera (2124 × 2056 pix-
els resolution) and 153 images taken with a Canon CR-2 camera 
(1444 × 1444 pixels resolution). Figure 1 and 2 show examples of 
the normal CFP and PM CFP used for model training.

The manual delineation of the optic disc, fundus lesions, and 
fovea localization involved seven ophthalmologists from the 
ZOC staff, with an average of 8 years of experience in the field 
(ranging from 5 to 10 years), and one senior ophthalmologist 
with over 10 years of experience. Each ophthalmologist inde-

pendently annotated the structures without access to patient in-
formation or knowledge of disease prevalence in the data. The 
criteria outlined by the International Myopia Institute 3 were fol-
lowed to identify subjects with PM based on structural changes 
in the posterior segment of the eye associated with excessive 
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Figure 3: The EfficientNet-B8 architecture

axial elongation in myopia, such as posterior staphyloma, my-
opic maculopathy, and high myopia-associated glaucoma-like 
optic neuropathy. These changes were identified through clinical 
examination using various imaging modalities, including OCT, 
fluorescein angiography (FA), and OCT angiography (OCTA). A 
total of 1200 CFPs with visible macula from 720 patients were 
collected and used for model development.

Data Augmentation
In order to enhance the diversity of the dataset and mitigate the 
risk of overfitting, various image augmentation techniques were 
employed on the training data set [11]. These techniques includ-
ed horizontal and vertical flipping, rotation up to 60°, brightness 
adjustment within the range of 0.8–1.2, and contrast modifi-
cation within the range of 0.9–1.1. This augmentation process 
expanded the dataset to ten times its original size, resulting in 
a final dataset comprising 12,000 CFPs with a balanced distri-
bution of PM and non-PM classes at a 1:1 ratio. Subsequently, 
the dataset was divided into a training set (90% of the images, 
i.e.,10,800) and a validation set (10% of the images, i.e., 1200) 
for model validation purposes.

CFDL Model Training and Development on Huawei Cloud
We organized the 12,000 CFPs into separate sub-directories 
based on their class names. Images labeled as 'normal' (N) were 
placed in a sub-directory named 'N', while those labeled as 'PM' 
(Pathological Myopia) were placed in a directory named 'PM'. 
These images were then uploaded to the 'Object Storage Service' 
within the cloud storage module. The dataset was created using 
this uploaded image repository. The AutoML training process 
commenced by initiating the ExeML project, which automatical-

ly progressed through stages such as 'dataset labeling', 'dataset 
version release', 'data validation', 'image classification', 'mod-
el registration', and 'service deployment'. Subsequently, an AI 
model was generated, and its performance metrics, including the 
area under the receiver operator curve (AUROC), precision, and 
recall for the overall classifier, were automatically computed by 
the platform. Additionally, the platform provided confusion ma-
trices, indicating the frequency (and percentages) of each label 
predicted for every label in the testing set.

Bespoke Traditional DL Model Training and Development
Our training platform was developed using the PyTorch frame-
work with Python 3.6 and CUDA 10.0. The training setup in-
cluded a 2.60 GHz Intel(R) CPU and a Tesla V100-SXM2 GPU. 
We employed the EfficientNet-B8 architecture, a convolutional 
neural network optimized for processing large input images [12]. 
The model was initially pretrained on ImageNet weights and 
fine-tuned with our dataset of 12,000 CFPs [13]. During train-
ing, we utilized cross entropy as the objective function, set an 
initial learning rate of 10^-2, applied a weight decay coefficient 
of 1e-5 for L2 regularization, and incorporated a dropout rate 
of 0.5 for the output layer. Stochastic gradient descent (SGD) 
optimizer was used for 80 epochs on the training data, with val-
idation performed at each epoch to determine the final weights. 
To prevent overfitting, we implemented early stopping and 
the sharpness-aware minimization (SAM) optimizer. Training 
ceased if the validation loss did not improve over 20 consecutive 
epochs, and the model state with the lowest validation loss was 
saved as the final model. Figure 3 shows the EfficientNet-B8 ar-
chitecture used for the development of the deep learning model.

Statistical Analysis
For assessing the model's performance, AUROC curves were 
employed and analyzed using Python software. The classifica-
tion model results were used to evaluate the average sensitivity, 
specificity, and overall accuracy for the two groups. Sensitivity 
was determined by the formula: true positive / (true positive + 
false negative), while specificity was calculated using the for-
mula: true negative / (true negative + false positive) [14]. Ad-
ditionally, per-class accuracy was computed using the formula: 

(true positive + true negative) / (true positive + false negative + 
true negative + false positive) [14]. 

Results
Classification Performance of the Huawei CFDL Model in 
the Validation Data Set
In the validation set, the CFDL model accurately distinguished 
between normal and PM cases with an AUROC of 0.98, a sensi-
tivity of 93.10%, and a specificity of 97.60%. Furthermore, the 
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model effectively differentiated PM fundus from normal fundus 
with an AUROC of 0.95, a sensitivity of 92.90%, and a speci-
ficity of 93%. The overall accuracy of the model was 92.90%.

Classification Performance of the Traditional DL Model in 
the Validation Data Set
The conventional deep learning model, trained on the identical 
dataset, distinguished between normal fundus and PM with an 
AUROC of 0.96, a sensitivity of 92.00%, and a specificity of 
94.90%. When differentiating PM from normal fundus, the mod-
el achieved an AUROC of 0.94, a sensitivity of 91.2%, and a 
specificity of 92.5%. The overall accuracy of the DL system was 
91.80%.

Discussion
A DL algorithm capable of accurately screening and evaluating 
PM has the potential to offer significant advantages by improv-
ing the accessibility and affordability of PM screening for a large 
population at risk. This can lead to enhanced access to care and 
substantial cost reductions, particularly in remote and under-
served communities. The importance of remote medical systems 
has been further emphasized by the COVID-19 outbreak in 2019 
[15, 16]. An AI-integrated telemedicine platform is expected 
to play a crucial role in the future of myopia healthcare post-
COVID-19 [17]. In this research, we developed both a codeless 
model using the Huawei Cloud platform and an efficient deep 
learning model based on EfficientNet-B8 using 12,000 CFPs. 
The study demonstrated the potential of these models in PM 
screening. Both AI models exhibited excellent performance in 
distinguishing between normal fundus and PM, with the Huawei 
CFDL model showing superior overall performance in terms of 
per-class AUROC, sensitivity, specificity, and accuracy com-
pared to the custom deep learning model.

In addition to the effective performance of the Huawei CFDL 
model in identifying PM, the Huawei Cloud platform offers var-
ious advantages for developing AI-based PM screening models. 
Firstly, conducting CFDL pilot studies on the Huawei platform 
is cost-effective in terms of time and money compared to plat-
forms like Google, allowing researchers to assess the feasibil-
ity of solving research questions using AI and DL techniques. 
CFDL empowers clinicians to conduct initial proof-of-concept 
studies using private or well-labeled data, producing preliminary 
results without the need for collaboration with computational 
experts and optimizing resource allocation. For instance, CFDL 
can help determine the utility and practicality of specific sample 
sizes or image quality levels for developing PM screening mod-
els, offering a structured approach instead of inefficient trial and 
error methods that consume expertise, time, and resources. Re-
searchers can leverage promising interim results from CFDL to 
engage external technical collaborators, enhancing the chances 
of the PM screening project success. Furthermore, positive pilot 
study outcomes from CFDL can bolster applications for research 
funding.

Furthermore, the Huawei platform itself provides unique us-
er-friendly benefits. These include automated image quality 
analysis and filtering, as well as a detailed examination of how 
the model's performance correlates with various characteristics 
of the color fundus photographs (e.g., image resolution, bright-
ness, etc.). These functionalities allow ophthalmologists to con-

sistently assess the model development datasets and training pro-
cedures, facilitating adjustments to enhance model performance. 
Our research demonstrates that CFDL could serve as a promising 
alternative to traditional DL for developing AI screening mod-
els for pathological myopia, particularly in resource-constrained 
regions. The Huawei platform shows promise as a valuable tool 
for deriving CFDL models in such contexts.

While our study has highlighted the benefits of utilizing a larger 
training dataset through data augmentation to enhance the ro-
bustness of an AI model, it is important to note that the CFPs 
used were sourced from a public database. Real-world datasets 
offer greater complexity and original disease information com-
pared to public databases. Additionally, the size of the training 
and testing datasets used in the development process was rela-
tively small. Although the metadata indicated that ophthalmol-
ogists or senior retinal specialists conducted the image labeling, 
details regarding the annotation consensus procedure or the 
qualifications of the labelers were not provided. External valida-
tion of the models was not performed, a crucial step in ensuring 
the reproducibility of the developed models upon deployment.

Moreover, the application of CFDL in ophthalmological image 
analysis and screening necessitates adherence to rigorous aca-
demic standards, including benchmark standardization, repro-
ducibility assurance in analysis and outcome interpretability, 
and compliance with research and reporting guidelines such as 
those outlined for Developmental and Exploratory Clinical In-
vestigations of Decision Support Systems Driven by Artificial 
Intelligence (DECIDE-AI) [18]. The technical constraints of the 
CFDL platform may pose challenges in meeting these standards, 
but despite this, valuable results have been and will continue to 
be generated through CFDL technology.

Conclusion 
Considering the exceptional performance achieved by our CFDL 
algorithm, it is possible for ophthalmologists lacking coding ex-
pertise to employ CFDL for PM screenings using CFPs. The 
distinct advantages offered by CFDL and the Huawei platform 
could enable cost-effective PM mass screenings in resource-con-
strained community settings and marginalised communities. 
This could democratize AI for healthcare professionals, partic-
ularly in regions where access to other commercial CFDL plat-
forms like Google is limited, such as China. 
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