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AI-Model for Identifying Pathologic Myopia Based on Deep Learning Algorithms of Myopic Maculopathy Classification and “Plus” Lesion Detection in Fundus Images
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Background: Pathologic myopia (PM) associated with myopic maculopathy (MM) and “Plus” lesions is a major cause of irreversible visual impairment worldwide. Therefore, we aimed to develop a series of deep learning algorithms and artificial intelligence (AI)–models for automatic PM identification, MM classification, and “Plus” lesion detection based on retinal fundus images.

Materials and Methods: Consecutive 37,659 retinal fundus images from 32,419 patients were collected. After excluding 5,649 ungradable images, a total dataset of 32,010 color retinal fundus images was manually graded for training and cross-validation according to the META-PM classification. We also retrospectively recruited 1,000 images from 732 patients from the three other hospitals in Zhejiang Province, serving as the external validation dataset. The area under the receiver operating characteristic curve (AUC), sensitivity, specificity, accuracy, and quadratic-weighted kappa score were calculated to evaluate the classification algorithms. The precision, recall, and F1-score were calculated to evaluate the object detection algorithms. The performance of all the algorithms was compared with the experts’ performance. To better understand the algorithms and clarify the direction of optimization, misclassification and visualization heatmap analyses were performed.

Results: In five-fold cross-validation, algorithm I achieved robust performance, with accuracy = 97.36% (95% CI: 0.9697, 0.9775), AUC = 0.995 (95% CI: 0.9933, 0.9967), sensitivity = 93.92% (95% CI: 0.9333, 0.9451), and specificity = 98.19% (95% CI: 0.9787, 0.9852). The macro-AUC, accuracy, and quadratic-weighted kappa were 0.979, 96.74% (95% CI: 0.963, 0.9718), and 0.988 (95% CI: 0.986, 0.990) for algorithm II. Algorithm III achieved an accuracy of 0.9703 to 0.9941 for classifying the “Plus” lesions and an F1-score of 0.6855 to 0.8890 for detecting and localizing lesions. The performance metrics in external validation dataset were comparable to those of the experts and were slightly inferior to those of cross-validation.

Conclusion: Our algorithms and AI-models were confirmed to achieve robust performance in real-world conditions. The application of our algorithms and AI-models has promise for facilitating clinical diagnosis and healthcare screening for PM on a large scale.
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INTRODUCTION

It is now widely believed that myopia is epidemic across the world, especially in developed countries of East and Southeast Asia (Dolgin, 2015). Myopia also has a significant impact on public health and socioeconomic wellbeing (Smith, 2009; Zheng et al., 2013; Holden et al., 2016). Pathologic myopia (PM), a severe form of myopia defined as high myopia combined with a series of characteristic maculopathy lesions, involves a greater risk of adverse ocular tissue changes leading to associated sight-threatening complications (Wong et al., 2014; Cho et al., 2016). For this reason, PM is a major cause of severe irreversible vision loss and blindness in East Asian countries (Morgan et al., 2017; Ohno-Matsui et al., 2019).

Due to the irreversible pathologic alterations in the shape and structure of the myopic globe, effective therapies for PM are still lacking, and the prognosis of PM complications is often poor. Moreover, as the disease process progresses slowly (Hayashi et al., 2010), PM patients often ignore their ocular symptoms and attribute these changes to their unsuitable glasses. Therefore, a better strategy for PM may be regular screening in myopic populations to identify and stop the aggravation of PM at an early stage. The precise diagnosis and evaluation of PM requires ophthalmic work-up and is aided by a series of imaging examinations, including fundus imaging, optical coherence tomography (OCT), and three-dimensional magnetic resonance imaging (3D-MRI) (Faghihi et al., 2010; Moriyama et al., 2011) which can hardly be included in screening programs. A recent meta-analysis of a pathologic myopia system (META-PM) provided a new simplified systematic classification for myopic maculopathy (MM) and defined PM based on fundus photography, which offers us a practical screening criterion (Ohno-Matsui et al., 2015). According to this classification standard, eyes with MM, which is equal to or more serious than diffuse choroidal atrophy, or with at least one “Plus” lesion, can be defined as having PM (Ohno-Matsui, 2017). However, even with this criterion, PM screening still depends on careful examination of the whole retina by retinal specialists through a magnified slit lamp noncontact lens or fundus images (Baird et al., 2020), challenging the ophthalmic medical resources in terms of clinical data analysis, especially retinal fundus image reading. It is difficult to imagine that such a large-scale screening task could be carried out by humans alone.

Fortunately, with the rapid development of artificial intelligence (AI) technologies, a sophisticated subclass of machine learning known as deep learning plays important roles in automated clinical data processing and hence makes labor-intensive work feasible (Hamet and Tremblay, 2017). The AI-model, with a deep artificial neural network as its core, has shown great efficiency and excellent performance comparable to those of board-certified specialists with respect to massive medical analysis (Esteva et al., 2017; Zhao et al., 2018; Liao et al., 2020). AI-model related diagnosis software has been successfully applied to screening tasks of diabetic retinopathy and glaucoma (Bhaskaranand et al., 2019; Li et al., 2020).

This study aimed to design and train a series of deep learning algorithms and AI-models based on the META-PM classification system using a large dataset of color retinal fundus images obtained from the ophthalmic clinics of hospitals and annotated by expert teams. We hope our models could (1) identify PM, (2) classify the category of MM, and (3) detect and localize the “Plus” lesions automatically. These works would facilitate the PM identification for either clinical management in hospital or healthcare service in community.



MATERIALS AND METHODS


Data Collection

In this study, the use of images was approved by the Ethics Committee of First Affiliated Hospital, School of Medicine, Zhejiang University. As the study was a retrospective review and analysis of fully anonymized retinal fundus images, the medical ethics committee declared it exempt from informed consent.

Altogether, 37,659 original color retinal fundus images of 32,419 myopia patients were obtained from the eye centers of the First Affiliated Hospital of School of Medicine, Zhejiang University; the First Affiliated Hospital of University of Science and Technology of China; and the First Affiliated Hospital of Soochow University between July 2016 and January 2020, and analysis began February 2020. Three different desktop nonmydriatic retinal cameras (Canon, NIDEK, and Topcon) were used. Similar imaging protocols were applied for all three systems. All retinal fundus images were maculalutea-centered 45° color fundus photographs. Pupil dilation was decided by the examiners depending on the patient’s ocular condition. All patient data displayed with the images were pseudonymized before study inclusion.

Subsequently, the ungradable images were excluded. The criteria applied to determine a gradable image are listed as follows:


(a)Image field definition: primary field must include the entire optic nerve head and macula.

(b)Images should have perfect exposure because dark and washed-out areas interfere with detailed grading.

(c)The focus should be good for grading of small retinal lesions.

(d)Fewer artifacts: Avoid dust spots, arc defects, and eyelash images.

(e)There should be no other errors in the fundus photograph, such as the absence of objects in the picture.



According to this criteria, 5,649 ungradable images were excluded. A total dataset of 32,010 color retinal fundus images was established and further annotated by ophthalmologists.



Definitions, Annotation, and the Reference Standard

According to the META-PM study classification, MM was classified into five categories: no myopic retinal degenerative lesion (Category 0), tessellated fundus (Category 1), diffuse chorioretinal atrophy (Category 2), patchy chorioretinal atrophy (Category 3), and macular atrophy (Category 4). Additionally, lacquer cracks (LCs), myopic choroidal neovascularization (CNV), and Fuchs’ spot were defined as “Plus” lesions (Ohno-Matsui et al., 2015). Thus, in the present study, fundus image with MM ≥ Category 2 or with at least one of the “Plus” lesions were considered as a PM image, while the remaining images were defined as non-PM images including the MM of Category 0 or Category 1 without “Plus” lesions. All the images of PM or C1-C4 MM were from high myopia patients whose spherical equivalence is worse than −6.0 D. The relevant demographic data were shown in Table 1. It is worth mentioning that Category 0 in this study included normal fundus and other fundus diseases.


TABLE 1. Summary of the total dataset and external validation dataset.
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Image Preprocessing and Augmentation

All the raw fundus images were preprocessed by cropping and resizing to a resolution of 512 × 512 pixels to meet the requirement of the input image format. Grayscale transformations, geometric variation, and image enhancement were applied to eliminate irrelevant information and recover useful or true information in the images.



Development of the Deep Learning Algorithms and AI-Models

Our training platform was implemented with the PyTorch framework, and all of the deep learning algorithms were trained in parallel on four NVIDIA 2080 Ti graphics processing units (Paszke et al., 2019). In this study, three deep learning algorithms were trained after annotation: (I) for the binary classification of non-pathologic myopia/pathologic myopia (NPM/PM), (II) for the five-class classification of MM categories, and (III) for “Plus” lesion detection and localization.

Based on the three algorithms, two AI-models, namely Model I and II, were developed. Model-1 was a one-step model, only containing algorithm I, to directly identify the NPM and PM. Model-2 was a two-step model, consisting of algorithm II, algorithm III, and a logical analysis module. The core of the logical analysis module was the META-PM classification. Step 1 was to obtain the output of the image by algorithm II and algorithm III, while step 2 was to use the logical analysis module to analyze the result of step 1 and then determine whether the image was of PM. The performance of two models was then compared in order to obtain the optimized model for PM identification. The detailed workflow is shown in Figure 1.
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FIGURE 1. The diagram showing the detailed developing and working flow of our algorithms and artificial intelligence (AI)–models.


A five-fold cross-validation approach was employed to train and test the algorithms (Yang et al., 2019). The total dataset was randomly subgrouped into five equally sized folds at the image level, and each image was only allowed to exist in one-fold. Effort was made to ensure that the rate of classification outcome was basically consistent from fold to fold (Herzig et al., 2020). The development process included two steps: first, we randomly selected four-folds for algorithm training and hyperparameter optimization and the remaining fold for testing. Then, this process was repeated five times to confirm that each fold was set as the testing set (Keenan et al., 2019).



Architecture of Deep Learning Algorithms

Algorithm I and algorithm II in this study were based on a state-of-the-art convolutional neural network (CNN) architecture, namely, ResNet18, while algorithm III for “Plus” lesion localization was constructed using a feature pyramid network (FPN)–based faster region-based convolutional neural network (Faster R-CNN). These architectures were all pretrained on the ImageNet dataset. The details of the relevant CNN architectures are shown in Supplementary Figure 1.



Retrospective External Validation and Expert-Machine Comparison

To further evaluate our algorithms, we also retrospectively recruited 1,000 images from 732 patients from the three other hospitals in Zhejiang Province, serving as the external validation dataset (Table 1). Two different types of desktop nonmydriatic retinal cameras (Canon and ZEISS) were used to capture fundus images, and these were different from the cameras used to acquire training data. The annotation protocol for this dataset was the same as that for the total dataset. The images in the external validation dataset were simultaneously evaluated by the algorithms and two experts (one general ophthalmologist and one retinal specialist) who were not the participants in the aforementioned grading teams. The comparison results between the algorithms and experts were used to further quantify the performance of the algorithms.



Misclassification and Visualization Heatmap Analysis of Classification Algorithms

In the external validation dataset, the images misclassified by algorithms I and II were further analyzed by a senior retinal specialist. To provide detailed guidance for clinical analysis, a convolutional visualization layer was implanted at the end of algorithm II. Then, this layer generated a visualization heatmap highlighting the strongly predictive regions on retinal fundus images (Gargeya and Leng, 2017). The consistency analysis between the hot regions and the actual lesions was evaluated by a senior retinal specialist.



Statistics

According to the reference standard, all five-fold cross-validation results of the algorithms were recorded, and the average metrics were calculated. The performance of algorithm I was evaluated using the indices of sensitivity, specificity, accuracy, and area under the receiver operating characteristic curve (AUC). For the five-class classification of MM categories, the area under the macroaverage of ROC curve (macro-AUC) for each class in a one-vs.-all manner, the kappa score and the accuracy were calculated to evaluate algorithm II. Algorithm III was evaluated in two dimensions: (1) image classification and (2) region of interest (ROI) detection and lesion localization. Two groups of performance metrics were calculated. The former consisted of the accuracy, sensitivity, and specificity of binary classifications of the image with “Plus” lesions, while the latter included precision, recall, and F1-score. Model-1 and model-2 were compared with respect to the indices of sensitivity, specificity, precision, and accuracy. In the external validation dataset, the same indices were also calculated and compared with the experts of different expertise levels. All of the statistical tests in our study were two-sided, and a P-value less than 0.05 was considered significant. Additionally, the Clopper–Pearson method was used to calculate the 95% CIs. Statistical data analysis was implemented using IBM SPSS statistics for Windows version 26.0 (SPSS Inc., Chicago, IL, United States) and Python 3.7.3.



RESULTS

A total dataset of 32,010 color retinal fundus images from 28,913 patients was built and used for algorithm training and validation. Among the total dataset, approximately 13% of the graded images with inconsistent diagnoses were submitted to retinal specialists for final grading. The characteristics of the total dataset are summarized in Table 1.


Performance of the Five-Fold Cross-Validation

The five-fold cross-validation was used to evaluate the three algorithms. Specifically, algorithm I achieved an AUC of 0.995 (95% CI: 0.993–0.996), accuracy of 0.973 (95% CI: 0.969–0.977), specificity of 0.981 (95% CI: 0.978–0.985) and sensitivity of 0.939 (95% CI: 0.933–0.945) (Table 2 and Figure 2A). Algorithm II achieved a macro-AUC value of 0.979 (95% CI: 0.972–0.985), accuracy of 0.967 (95% CI: 0.963–0.971), and quadratic-weighted kappa of 0.988 (95% CI: 0.986–0.990) for differentiating the five MM categories (Table 2 and Figure 2B). From C0 to C4 MM, the specific accuracy of algorithm II is 97.7, 97.8, 91.3, 96.1, and 90.0% respectively. The confusion matrices of algorithm I and algorithm II are shown in Supplementary Figures 2A,B. Algorithm III achieved an accuracy of 0.970 to 0.994 for identifying the “Plus” lesions and an F1-score of 0.685 to 0.889 for detecting and localizing lesions. The typical output images of algorithm III are shown in Supplementary Figure 3. The more detailed results are listed in Table 2. The accuracy of model-1 and model-2 was 0.973 (95% CI: 0.969–0.977) and 0.984 (95% CI: 0.981–0.987), respectively. The two-step model-2 showed better performance in identifying PM.


TABLE 2. Five-fold cross-validation of the performance of the algorithms in the total dataset.
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FIGURE 2. Receiver operating characteristic (ROC) curves of Algorithm I and Algorithm II in five-fold cross-validation and external validation. (A) The ROC curve of the algorithm I for identifying pathologic myopia in five-fold cross-validation. (B) The ROC curve of the algorithm II for classifying the category of MM in five-fold cross-validation. (C) The ROC curve of the algorithm I for identifying pathologic myopia in external validation. (D) The ROC curve of the algorithm II for classifying the category of MM in external validation. NPM: non-pathologic myopia. PM: pathologic myopia. area: area under the receiver operating characteristic curve. C: Category.




External Validation and Expert-Machine Comparison

Based on the results of better performance in identifying PM, model-2 and algorithms were further evaluated in the external validation dataset (Supplementary Table 1 and Supplementary Figures 2C,D). The performance of model-2 and the three algorithms in the external validation dataset was slightly worse than that in the total dataset. Although there was significant difference in accuracy between the AI-models/deep learning algorithms and experts in terms of identifying PM (P = 0.013), distinguishing different MM lesions (P < 0.001), and detecting CNV (P < 0.001) and Fuchs’ spot (P < 0.001), the AI-models/deep learning algorithms achieved an overall comparable performance to that of the experts (Figure 3). For PM identifying, model-2 exhibited even higher accuracy than the general ophthalmologist (96.9 vs. 96.1%). In each task of algorithm II and algorithm III, the difference in accuracy compared to the general ophthalmologist was within 3%. The detailed outcomes of the external validation are shown in Supplementary Table 1.
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FIGURE 3. The comparison between deep learning algorithms/AI-models and experts on accuracy in external validation.




Misclassified Image Analysis in the External Validation Dataset

There were 49 images misclassified by algorithm I, including 21 false negatives and 28 false positives. All false negatives were produced in eyes with the other PM complications, such as retinal detachment and retinal vein obstruction. The false positives included 24 tessellated fundus images, 3 proliferative retinopathy images, and 1 exudative retinopathy image. The major error of algorithm II was that 38 Category 0 images were erroneously classified as Category 1 images. Additionally, 23 Category 3 images were identified as Category 4 images. Typical misclassified images are shown in Supplementary Figures 4A–E, and the confusion matrices are given in Supplementary Figures 2C,D.



Visualization Heatmap Analysis

The original images of different MM categories were input into algorithm II as exampled in Figure 4A. After generating a fundus heatmap by the visualization layer, the regions where the algorithm thought most critical for its choice were highlighted in a color scale as shown in Figure 4B. Subsequently, the senior retinal specialist checked the consistency of hot regions highlighted by the algorithm and actual typical MM lesions, including tessellated fundus, diffuse chorioretinal atrophy, patchy chorioretinal atrophy, and macular atrophy. The results by algorithm showed good alignment with the diagnosis by the specialists. Of note, in ophthalmic practice, these lesions are used to diagnose PM.
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FIGURE 4. Visualization of algorithm II for classifying the category of myopic maculopathy (MM). (A) The original images of different MM (Category 1–Category 4). (B) Heatmap generated from deep features overlaid on the original images. The typical MM lesions were observed in the hot regions.




DISCUSSION

Based on retinal fundus images, the present work developed a series of deep learning algorithms implementing three tasks: (1) identify PM, (2) classify the category of MM, and (3) localize the “Plus” lesions. After comparing two AI-models comprising the three algorithms, we confirmed that the two-step AI-model (model-2) showed better performance. Although there were still gaps between the AI-models/algorithms and the retinal specialists, metrics of our AI-models/algorithms at this stage were comparable to the general ophthalmologists. Our work was an exploratory and innovative effort to apply deep learning technologies to the diagnosis and management of PM.

Recently, several automatic detection systems for PM have been reported. Tan et al. (2009) introduced the PAMELA system, which could automatically identify PM based on the peripapillary atrophy features. Freire et al. (2020) reported their work of PM diagnosis and detection of retinal structures and some lesions which achieved satisfactory performance both in classification and segmentation tasks. Devda and Eswari (2019) developed a deep learning method with CNN for tasks of Pathologic Myopia Challenge (PALM) based on the dataset provided by International Symposium on Biomedical Imaging (ISBI). Their works showed a better performance when compared to the PAMELA system. However, both of these systems were developed from public databases, such as the Singapore Cohort Study of the Risk factors for Myopia and ISBI. The volumes of the training and test datasets involved in the development process of these systems have been relatively small. Moreover, authoritative criteria for identifying PM were lacking in these studies.

In this work, a large dataset of 37,659 retinal fundus images was used to develop the algorithms. The dataset from real world was able to provide more original disease information and data complexity than public databases. Nevertheless, one major challenge for algorithms is the general applicability to the data and hardware settings outside the development site (Liu et al., 2019). One resolution is to maximize the diversity of data sources so as to prevent parameter overfitting and improve generalizability. For the present work, all the training images were obtained from three hospitals in three different provinces and captured by cameras from three different manufacturers, respectively. Meanwhile, we also constructed an external validation dataset including 1,000 fundus images from the other three additional hospitals to further test our algorithms and AI-models. As expected, the high diversity of the data source lowered the performance of our algorithms somewhat, but the results were still acceptable, with the accuracy of 96.9%, sensitivity of 98.8%, and specificity of 94.6% for model-2 especially, justifying the validity of our algorithms.

This study applied a systemic classification standard of META-PM, which was widely applied in clinical trials and epidemiologic studies. Unlike the criteria used in other studies, META-PM classification is not only simpler but also has more clinical implications. The category of MM can reflect the severity of PM to a large extent, as the morphological and functional characteristics of highly myopic eyes were found to be positively correlated with MM category (from Category 0 to 3) (Zhao et al., 2020). The “Plus” lesions can be concurrent with any MM category and have a significant impact on vision (Wong et al., 2015). Therefore, our algorithms and AI-models can assist the clinicians with valuable and practical fundus information of PM.

There was a similar study that applied the META-PM classification. Du et al. (2021) reported a META-PM categorizing system (META-PM CS) integrating four DL algorithms and a special processing layer. This system could recognize the fundus images of Category 2 to 4 MM and CNV and detect PM defined as having MM equal to or more serious than diffuse atrophy (category 2). Compared with their system, our deep learning algorithms are more powerful and can automatically classify the category of MM and localize the “Plus” lesions based on retinal fundus images. Our AI-model could obtain the output of the algorithms mentioned above and use the logical analysis module to analyze the results of algorithms to determine whether the image was of PM. The core of the logical analysis module was the more precise PM definition (equal to or more serious than diffuse atrophy (category 2) or with at least one of the “plus” lesions) based on the META-PM classification.

In addition to the large training dataset and systemic META-PM standard, the other advantage of our work is the CNN architecture selected for development of algorithms and AI-models. The ResNet18 was used as the basic architecture for all the classification algorithms, and the Faster R-CNN+FPN was used for the localization algorithm in our work. ResNet was proposed in 2015 after three classical CNN networks, namely, AlexNet, GoogLeNet, and VGG were established and had won the top prize in the ImageNet competition classification task. ResNet is arguably the most pioneering work in computer vision and deep learning in the past few years, as it can effectively solve the problem of accuracy saturation and decline while the network depth increases by introducing a shortcut mechanism (He et al., 2016; Zhu et al., 2019). Faster R-CNN is one of the most advanced object detection networks, which can integrate the feature and proposal extractions as well as the classification and bounding box regression (Ren et al., 2017; Ding et al., 2020). FPN, a densely connected feature pyramid network, can build high-level semantic feature maps at all scales for object detection (Tayara and Chong, 2018; Pan et al., 2019). With the same backbone network, the FPN-based Faster R-CNN system is thought to be superior to all existing single-model entries (Pan et al., 2019). Therefore, our algorithms and AI-models were based on the advanced architectures and should be precise and efficient for the PM detection.

The distribution of misclassifications by our algorithms was also analyzed in the external validation dataset. The misclassified images generated by algorithm I were mainly due to the misjudgment of certain diseases that appeared less frequently in training. Meanwhile, algorithm II made some errors in distinguishing Category 3 and Category 4 MM. To minimize the errors, increasing the images of specific diseases into the training dataset and applying visual attention mechanisms to the CNN architecture will always be an effective approach (Pesce et al., 2019). Moreover, the visualization results demonstrated that the typical MM lesions of each category appeared in the regions where the algorithm made a positive contribution to the classification results, so that our algorithm is justified to be convincing from the clinical point of view. These results also indicated the directions of optimization and updating for the algorithms in our future’s work.

This study still has limitations. First, our algorithm had the ability to automatically detect and localize “Plus” lesions, but the performance metrics were slightly lower if compared with that in the mission of MM classification, especially for the LC detection. LCs vary greatly in shape, size, color, and location. Combining with infrared reflectance or indocyanine green angiography image is certainly the more effective method to detect LCs than using the fundus images alone. However, the fundus images are relatively easy and economical for clinical practice in most medical institutes. At this stage, the “plus” lesions appeared in less than 15% of images containing MM of all severity in the total dataset. With the continuously accumulated data by our work, the performance of the algorithm will be further improved. Second, the presence of posterior staphyloma is also defined as PM according to the META-PM classification (Ohno-Matsui et al., 2016), but it is difficult to diagnose posterior staphyloma accurately from fundus images; MRI or OCT images are needed. Our algorithm does not yet have the capability to detect or localize posterior staphyloma. A multimodal imaging AI diagnostic platform involving fundus images, OCT, optical coherence tomography angiography (OCTA), fluorescein angiography, and MRI data is our ongoing effort to establish a more powerful automatic system to identify PM lesions (Ruiz-Medrano et al., 2019).

In conclusion, this study developed a series of deep learning algorithms and AI-models that have the ability to automatically identify PM, classify the category of MM, and localize the “Plus” lesions based on retinal fundus images. They have achieved performance comparable to that of experts. Due to such promising performance at this stage, we initiated the task of engineering relevant algorithms and hope that our research can make more contributions to clinical and healthcare screening work for myopia patients.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

Written informed consent was not obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article. As the study was a retrospective review and analysis of fully anonymized retinal fundus images, the medical ethics committee declared it exempt from informed consent.



AUTHOR CONTRIBUTIONS

LL and WH: design of the study. MYu, WY, JH, EZ, QL, XT, PR, QH, MZ, and GK: acquisition, analysis, or interpretation of the data. LL, PR, and XT: drafting of the manuscript. LL and LXL: development of the algorithms and models. LL, MY, WY, and QH: statistical analysis. LL and WH: obtaining the fund. WH: supervising the process. All authors: revision and approval of the manuscript.



FUNDING

This study was supported by grants from the National Natural Science Foundation of China (Grant No. 81670842), the Science and technology project of Zhejiang Province (Grant No. 2019C03046), and the Fundamental Research Funds for the Central Universities (Grant No. WK9110000099).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.719262/full#supplementary-material



REFERENCES

Baird, P. N., Saw, S. M., Lanca, C., Guggenheim, J. A., Smith, I. E., Zhou, X., et al. (2020). Myopia. Nat. Rev. Dis. Primers. 6:99. doi: 10.1038/s41572-020-00231-4

Bhaskaranand, M., Ramachandra, C., Bhat, S., Cuadros, J., Nittala, M. G., Sadda, S. R., et al. (2019). The value of automated diabetic retinopathy screening with the eyeart system: a study of more than 100,000 consecutive encounters from people with diabetes. Diabetes Technol. Ther. 21, 635–643. doi: 10.1089/dia.2019.0164

Cho, B. J., Shin, J. Y., and Yu, H. G. (2016). Complications of pathologic myopia. Eye Contact Lens. 42, 9–15. doi: 10.1097/ICL.0000000000000223

Devda, J., and Eswari, R. (2019). Pathological myopia image analysis using deep learning. Proc. Computer Sci. 165, 239–244. doi: 10.1016/j.procs.2020.01.084

Ding, L., Liu, G., Zhang, X., Liu, S., Li, S., Zhang, Z., et al. (2020). A deep learning nomogram kit for predicting metastatic lymph nodes in rectal cancer. Cancer Med. 9, 8809–8820. doi: 10.1002/cam4.3490

Dolgin, E. (2015). The myopia boom. Nature 519, 276–278. doi: 10.1038/519276a

Du, R., Xie, S., Fang, Y., Igarashi-Yokoi, T., Moriyama, M., Ogata, S., et al. (2021). Deep learning approach for automated detection of myopic maculopathy and pathologic myopia in fundus images. Ophthalmol. Retina. doi: 10.1016/j.oret.2021.02.006 [Epub ahead of print]

Esteva, A., Kuprel, B., Novoa, R. A., Ko, J., Swetter, S. M., Blau, H. M., et al. (2017). Dermatologist-level classification of skin cancer with deep neural networks. Nature 542, 115–118. doi: 10.1038/nature21056

Faghihi, H., Hajizadeh, F., and Riazi-Esfahani, M. (2010). Optical coherence tomographic findings in highly myopic eyes. J. Ophthalmic. Vis. Res. 5, 110–121.

Freire, C. R., Moura, J. C. D. C., Barros, D. M. D. S., and Valentim, R. A. D. M. (2020). Automatic Lesion Segmentation and Pathological Myopia Classification in Fundus Images [preprint]. arXiv:2002.06382.

Gargeya, R., and Leng, T. (2017). Automated identification of diabetic retinopathy using deep learning. Ophthalmology 124, 962–969. doi: 10.1016/j.ophtha.2017.02.008

Hamet, P., and Tremblay, J. (2017). Artificial intelligence in medicine. Metabolism 69, S36–S40. doi: 10.1016/j.metabol.2017.01.011

Hayashi, K., Ohno-Matsui, K., Shimada, N., Moriyama, M., Kojima, A., Hayashi, W., et al. (2010). Long-term pattern of progression of myopic maculopathy: a natural history study. Ophthalmology 117, 1595–1611. doi: 10.1016/j.ophtha.2009.11.003

He, K., Zhang, X., Ren, S., and Sun, J. (2016). “Deep residual learning for image recognition,” in Proceeding of the 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 770–778. doi: 10.1109/CVPR.2016.90

Herzig, S. J., Stefan, M. S., Pekow, P. S., Shieh, M. S., Soares, W., Raghunathan, K., et al. (2020). Risk factors for severe opioid-related adverse events in a national cohort of medical hospitalizations. J. Gen. Intern. Med. 35, 538–545. doi: 10.1007/s11606-019-05490-w

Holden, B. A., Fricke, T. R., Wilson, D. A., Jong, M., Naidoo, K. S., Sankaridurg, P., et al. (2016). Global prevalence of myopia and high myopia and temporal trends from 2000 through 2050. Ophthalmology 123, 1036–1042. doi: 10.1016/j.ophtha.2016.01.006

Keenan, T. D., Dharssi, S., Peng, Y., Chen, Q., Agrón, E., Wong, W. T., et al. (2019). A deep learning approach for automated detection of geographic atrophy from color fundus photographs. Ophthalmology 126, 1533–1540. doi: 10.1016/j.ophtha.2019.06.005

Landis, J. R., and Koch, G. G. (1977). The measurement of observer agreement for categorical data. Biometrics 33, 159–174.

Li, F., Song, D., Chen, H., Xiong, J., Li, X., Zhong, H., et al. (2020). Development and clinical deployment of a smartphone-based visual field deep learning system for glaucoma detection. NPJ Digit. Med. 3:123. doi: 10.1038/s41746-020-00329-9

Liao, H., Long, Y., Han, R., Wang, W., Xu, L., Liao, M., et al. (2020). Deep learning-based classification and mutation prediction from histopathological images of hepatocellular carcinoma. Clin. Trans. Med. 10:102. doi: 10.1002/ctm2.102

Liu, H., Li, L., Wormstone, I. M., Qiao, C., Zhang, C., Liu, P., et al. (2019). Development and validation of a deep learning system to detect glaucomatous optic neuropathy using fundus photographs. JAMA Ophthalmol. 137, 1353–1360. doi: 10.1001/jamaophthalmol.2019.3501

Morgan, I. G., He, M., and Rose, K. A. (2017). Epidemic of pathologic myopia: what can laboratory studies and epidemiology tell us? Retina 37, 989–997. doi: 10.1097/IAE.0000000000001272

Moriyama, M., Ohno-Matsui, K., Hayashi, K., Shimada, N., Yoshida, T., Tokoro, T., et al. (2011). Topographic analyses of shape of eyes with pathologic myopia by high-resolution three-dimensional magnetic resonance imaging. Ophthalmology 118, 1626–1637. doi: 10.1016/j.ophtha.2011.01.018

Ohno-Matsui, K. (2017). What is the fundamental nature of pathologic myopia? Retina 37, 1043–1048.

Ohno-Matsui, K., Fang, Y., Shinohara, K., Takahashi, H., Uramoto, K., and Yokoi, T. (2019). Imaging of pathologic myopia. Asia. Pac. J. Ophthalmol. (Phila). doi: 10.22608/APO.2018494 [Epub ahead of print]

Ohno-Matsui, K., Kawasaki, R., Jonas, J. B., Cheung, C. M. G., Saw, S., Verhoeven, V. J. M., et al. (2015). International photographic classification and grading system for myopic maculopathy. Am. J. Ophthalmol. 159, 877–883. doi: 10.1016/j.ajo.2015.01.022

Ohno-Matsui, K., Lai, T. Y., Lai, C. C., and Cheung, C. M. (2016). Updates of pathologic myopia. Prog. Retin. Eye Res. 52, 156–187. doi: 10.1016/j.preteyeres.2015.12.001

Pan, H., Chen, G., and Jiang, J. (2019). Adaptively dense feature pyramid network for object detection. IEEE Access. 7, 81132–81144. doi: 10.1109/access.2019.2922511

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., et al. (2019). Pytorch: an imperative style, high-performance deep learning library. arXiv [preprint]. arXiv:1912.01703,

Pesce, E., Joseph, W. S., Ypsilantis, P. P., Bakewell, R., Goh, V., and Montana, G. (2019). Learning to detect chest radiographs containing pulmonary lesions using visual attention networks. Med. Image Anal. 53, 26–38. doi: 10.1016/j.media.2018.12.007

Ren, S., He, K., Girshick, R., and Sun, J. (2017). Faster r-cnn: towards real-time object detection with region proposal networks. IEEE Trans. Pattern Anal. Mach. Intell. 39, 1137–1149. doi: 10.1109/TPAMI.2016.2577031

Ruiz-Medrano, J., Montero, J. A., Flores-Moreno, I., Arias, L., García-Layana, A., and Ruiz-Moreno, J. M. (2019). Myopic maculopathy: current status and proposal for a new classification and grading system (atn). Prog. Retin. Eye Res. 69, 80–115. doi: 10.1016/j.preteyeres.2018.10.005

Smith, T. (2009). Potential lost productivity resulting from the global burden of uncorrected refractive error. B. World Health Organ. 87, 431–437. doi: 10.2471/BLT.08.055673

Tan, N. M., Liu, J., Wong, D. K., Lim, J. H., Zhang, Z., Lu, S., et al. (2009). Automatic detection of pathological myopia using variational level set. Conf. Proc. IEEE Eng. Med. Biol. Soc. 2009, 3609–3612. doi: 10.1109/IEMBS.2009.5333517

Tayara, H., and Chong, K. (2018). Object detection in very high-resolution aerial images using one-stage densely connected feature pyramid network. Sensors Basel. 18:3341. doi: 10.3390/s18103341

Wong, T. Y., Ferreira, A., Hughes, R., Carter, G., and Mitchell, P. (2014). Epidemiology and disease burden of pathologic myopia and myopic choroidal neovascularization: an evidence-based systematic review. Am. J. Ophthalmol. 157, 9–25. doi: 10.1016/j.ajo.2013.08.010

Wong, T. Y., Ohno-Matsui, K., Leveziel, N., Holz, F. G., Lai, T. Y., Yu, H. G., et al. (2015). Myopic choroidal neovascularisation: current concepts and update on clinical management. Br. J. Ophthalmol. 99, 289–296. doi: 10.1136/bjophthalmol-2014-305131

Yang, J., Zhang, K., Fan, H., Huang, Z., Xiang, Y., Yang, J., et al. (2019). Development and validation of deep learning algorithms for scoliosis screening using back images. Commun. Biol. 2:390. doi: 10.1038/s42003-019-0635-8

Zhao, X., Ding, X., Lyu, C., Li, S., Liu, B., Li, T., et al. (2020). Morphological characteristics and visual acuity of highly myopic eyes with different severities of myopic maculopathy. Retina 40, 461–467. doi: 10.1097/IAE.0000000000002418

Zhao, X., Wu, Y., Song, G., Li, Z., Zhang, Y., and Fan, Y. (2018). A deep learning model integrating fcnns and crfs for brain tumor segmentation. Med. Image Anal. 43, 98–111. doi: 10.1016/j.media.2017.10.002

Zheng, Y. F., Pan, C. W., Chay, J., Wong, T. Y., Finkelstein, E., and Saw, S. M. (2013). The economic cost of myopia in adults aged over 40 years in singapore. Invest. Ophthalmol. Vis. Sci. 54, 7532–7537. doi: 10.1167/iovs.13-12795

Zhu, Y., Wang, Q., Xu, M., Zhang, Z., Cheng, J., Zhong, Y., et al. (2019). Application of convolutional neural network in the diagnosis of the invasion depth of gastric cancer based on conventional endoscopy. Gastrointest. Endosc. 89, 806–815. doi: 10.1016/j.gie.2018.11.011


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Lu, Ren, Tang, Yang, Yuan, Yu, Huang, Zhou, Lu, He, Zhu, Ke and Han. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fcell-09-719262-g003.jpg
Accuracy

o
©

o
00

&
N

=
o

0.5

The expert-machine comparison in external validation dataset

/.

Accuracy of the Al-methods Accuracy of the algorithm I Accuracy of the algorithm I Accuracy of the algorithm I Accuracy of the algorithm I
and experts and experts and experts on CNV and experts on Fuchs and experts on LC

" Model-1  mModel-2 = Algorithm  m General Ophthalmologist  © Retinal Specialist





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		AI-Model for Identifying Pathologic Myopia Based on Deep Learning Algorithms of Myopic Maculopathy Classification and “Plus” Lesion Detection in Fundus Images



		INTRODUCTION



		MATERIALS AND METHODS



		Data Collection



		Definitions, Annotation, and the Reference Standard



		Image Preprocessing and Augmentation



		Development of the Deep Learning Algorithms and AI-Models



		Architecture of Deep Learning Algorithms



		Retrospective External Validation and Expert-Machine Comparison



		Misclassification and Visualization Heatmap Analysis of Classification Algorithms



		Statistics







		RESULTS



		Performance of the Five-Fold Cross-Validation



		External Validation and Expert-Machine Comparison



		Misclassified Image Analysis in the External Validation Dataset



		Visualization Heatmap Analysis







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		REFERENCES

















OPS/images/fcell-09-719262-g002.jpg
Sensitivity

Sensitivity

Receiver operating characteristic (ROC) curves

1.0

0.8

e
o

o
I

0.2

—— NPM/PM(area = 0.995)

0.4 0.6 0.8

1-specificity

0.2

Receiver operating characteristic (ROC) curves

1.0

1.0

0.8

&=
o

o
I

0.2

~—— NPM/PM(area = 0.989)

0.4 0.6 0.8

1-specificity

0.2

1.0

B Receiver operating characteristic (ROC) curves
1.0[7 =
0.8
2 0.6
>
.t";’n
C
()]
wn
0.4
| CO(area = 0.997 )
Ll —— Cl(area = 0.997 )
0.2 el —— C2(area = 0.967 )
' e —— C3(area = 0.984 )
o —— C4(area = 0.952 )
0 Macro-average (area = 0.979 )
O'%.O 0.2 0.4 0.6 0.8 1.0
1-specificity
D Receiver operating characteristic (ROC) curves
1.0
0.8|l#
£ 0.6
=
:‘%’
C
Q
wn
0.4
CO(area = )
y # —— Cl(area = 0.968)
02 P —— C2(area = 0.959)
/” \ —— C3(area = 0.979)
// — C4(area = 0.812)
-z == Macro-average (area = 0.914 )
0.0
0.0 0.2 0.4 0.6 0.8 1.0
1-specificity





OPS/images/fcell-09-719262-g001.jpg
Model-1

Annotation | for binary
classification of NPM/PM

gl

Develop

\ Exclude

l

Develop

\ 4

Developing flow

Working flow

\ 4

Develop

\ 4

\ 4

Model-2

Algorithm |l for five-class
classification
(Category 0-4)

Annotation lll for the
“Plus” lesions detection
and localisation

/






OPS/images/fcell-09-719262-g004.jpg





OPS/images/cover.jpg
frontiers
in Cell and Developmental Biology

Al-Model for Identifying
Pathologic Myopia Based on
Deep Learning Algorithms
of Myopic Maculopathy
Classification and “Plus” Lesion
Detection in Fundus Images







OPS/images/fcell-09-719262-t002.jpg
AUC Accuracy Specificity Sensitivity
(95% ClI) (95% CI) (95% CI) (95% ClI)
Algorithm | 0.995 0.973 0.981 0.939
(0.993, 0.996) (0.969, 0.977) (0.978, 0.985) (0.933, 0.945)
Macro-AUC Accuracy Quadratic-weighted
(95% CI) kappa (95% CI)
Algorithm Il 0.979 0.967 0.988
(0.972, 0.985) (0.9683, 0.971) (0.986, 0.990)
Image classification ROI detection and lesion localization
Classification Accuracy Specificity Sensitivity Recall Precision F1-score
(95% ClI) (95% CI) (95% CI)
Algorithm Il CNV 0.970 0.970 0.973 0.916 0.789 0.848
(0.966, 0.974) (0.966, 0.974) (0.969, 0.977)
Fuchs 0.971 0.971 0.978 0.915 0.864 0.889
(0.967, 0.975) (0.967, 0.975) (0.975, 0.982)
LC 0.994 0.995 0.684 0.724 0.656 0.688
(0.992, 0.995) (0.993, 0.996) (0.672, 0.695)
Accuracy Sensitivity Specificity Precision
(95% CI) (95% CI) (95% ClI) (95% ClI)
Model-1 0.973 0.939 0.981 0.926
(0.969, 0.977) (0.933, 0.945) (0.978, 0.985) (0.920, 0.933)
Model-2 0.984 0.946 0.992 0.967

(0.981, 0.987)

(0.941, 0.952)

(0.990, 0.995) (0.963, 0.972)







OPS/images/fcell-09-719262-t001.jpg
Number of images Number of Number of Mean age Sex Spherical Equivalent

with labels participants ROI with labels (years) (% female) (diopters)
Total dataset
None PM 26,131 24,708 NA 50.39 £ 14.27(24 to 81) 56.3 —2.07 + 3.79(—13 to —0.5)
Pathologic myopia 5,879 4,205 NA 52.39 £+ 15.15(23 to 82) 66.0 —13.72 £ 4.54(—23.0 to —6)
Category 0 20,919 20,884 NA 50.52 &+ 14.47(26 to 75) 54.5 —0.53 + 0.33(—6.5 to —0.5)
Category 1 5,345 3,902 NA 49.59 + 12.99(24 to 81) 65.8 —10.52 £ 2.98(—17.5 to —6)
Category 2 4,044 2,943 NA 50.10 £+ 14.90(23 to 75) 64.5 —12.88 £+ 4.02(—19.25 to —7.25)
Category 3 1,154 871 NA 56.90 + 14.63(29 to 80) A —15.77 £ 4.89(—22.5 to —7.75)
Category 4 548 313 NA 63.22 £+ 12.49(33 to 82) 68.7 —16.21 £+ 5.38(—23.0 to —8.25)
CNV 734 442 857 55.28 + 15.42(26 to 82) 60.6 —15.02 £+ 3.98(—22 t0 -7)
Fuchs 746 411 3,020 58.24 + 13.40(24 to 80) 58.2 —16.21 £ 4.23(—23 to —7.75)
LC 99 79 207 43.11 £12.76(25t0 793) 56.3 —15.47 £ 3.09(—21.75 to —6.75)
External validation dataset
None PM 434 381 NA 51.28 + 9.61(16 to 69) 55.1 —4.92 + 5.16(—16 to —0.5)
Pathologic myopia 566 351 NA 54.71 £13.60(17 to 83) 61.3 —15.41 £ 6.05(—23.5 to —6)
Category 0 229 217 NA 50.85 + 10.82(16 to 69) 49.3 —0.67 £0.72(—6.75 to —0.5)
Category 1 222 178 NA 50.21 £ 9.41(18 to 67) 59.6 —10.81 £ 2.68(—17.75 to —6)
Category 2 220 149 NA 51.60 £+ 10.48(17 to 75) 61.7 —14.02 £ 5.54(—21 to —7.25)
Category 3 196 115 NA 55.93 + 13.06(26 to 80) 66.1 —16.35 £+ 6.14(—23.5 to —6.75)
Category 4 133 73 NA 63.71 £+ 13.59(35 to 83) 60.3 —17.04 £+ 6.58(—23.5 to —6.5)
CNV 67 M 97 51.27 £+ 13.88(27 to 80) 545 —16.15 £ 5.57(—23 to —6.5)
Fuchs 205 130 878 59.24 + 13.42(27 to 81) 58.6 —16.89 + 5.81(—23.25 to —7)
LC 9 6 24 39.50 + 11.26(26 to 53) 50.0 —15.96 + 3.78(—22.25 to —7.5)







OPS/images/logo.jpg
, frontiers
in Cell and Developmental Biology





