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Abstract

:

Conventional OCT retinal disease classification methods primarily rely on fully supervised learning, which requires a large number of labeled images. However, sometimes the number of labeled images in a private domain is small but there exists a large annotated open dataset in the public domain. In response to this scenario, a new transfer learning method based on sub-domain adaptation (TLSDA), which involves a first sub-domain adaptation and then fine-tuning, was proposed in this study. Firstly, a modified deep sub-domain adaptation network with pseudo-label (DSAN-PL) was proposed to align the feature spaces of a public domain (labeled) and a private domain (unlabeled). The DSAN-PL model was then fine-tuned using a small amount of labeled OCT data from the private domain. We tested our method on three open OCT datasets, using one as the public domain and the other two as the private domains. Remarkably, with only 10% labeled OCT images (~100 images per category), TLSDA achieved classification accuracies of 93.63% and 96.59% on the two private datasets, significantly outperforming conventional transfer learning approaches. With the Gradient-weighted Class Activation Map (Grad-CAM) technique, it was observed that the proposed method could more precisely localize the subtle lesion regions for OCT image classification. TLSDA could be a potential technique for applications where only a small number of images is labeled in a private domain and there exists a public database having a large number of labeled images with domain difference.
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1. Introduction


Optical coherence tomography (OCT) has become a de facto standard for guiding the diagnosis and treatment of several leading diseases of blindness worldwide, such as age-related macular degeneration (AMD) and diabetic macular edema (DME) [1]. However, current manual diagnosis of retinopathies using OCT images are labor-intensive, time-consuming and easily affected by the subjective experience of ophthalmologists.



Recently, with the fast development of hardware computing resources and the availability of a large amount of data, deep learning (DL) has achieved great success in various tasks, including medical image processing and analysis [2,3,4,5]. For classification, popular deep learning approaches firstly conduct feature extraction using convolutional neural networks (CNN) and then build neural network classifiers using fully connected layers. In OCT retinopathy classification, a number of studies have focused on using fully supervised DL method, which requires a large amount of labeled data. For example, Li et al. [6] trained VGG-16 to classify OCT images with AMD and DME, which achieved a high accuracy of 98.6%, with a sensitivity of 97.8% and a specificity of 99.4%. Lu et al. [7] used the ResNet-101 network for multi-categorical retinopathy classification. In their study, the accuracies in discriminating normal, cystoid macular edema, serous macular detachment, epiretinal membrane and macular hole were 97.3%, 84.8%, 94.7%, 95.7% and 97.8%, respectively. Alqudah et al. [8] proposed a CNN architecture which has fewer layers compared with AlexNet to classify five classes of retinopathies. The overall accuracy in their study was 95.3%. These fully supervised DL models were normally trained with hundreds or thousands of images for each class. Therefore, it is generally seen that satisfactory classification can be achieved when training examples are sufficient.



Collecting and annotating large-scale datasets are time-consuming and expensive in the real world. The deep learning model is prone to being overfit in a lack of annotated data. To address this problem, semi-supervised and unsupervised learning methods have recently attracted great attention. For semi-supervised deep learning, it intends to learn visual features based on a small amount of labeled data. Sedai et al. [9] introduced a semi-supervised uncertainty-guided student–teacher deep learning framework to improve the segmentation of retinal structures in OCT images. For unsupervised learning, an effective technique is the domain adaptation. It intends to overcome the difference between two different but closely related domains with and without labeled data, i.e., the model trained using the labeled dataset is able to work well on the unlabeled dataset. Wang et al. [10] proposed a generative network-based domain adaptation model to address the cross-domain OCT images classification task. They applied the model to OCT images obtained from two different device manufacturers and achieved a cross-domain classification accuracy of 95.53%. Luo et al. [11] proposed a novel domain alignment method with adversarial learning and entropy minimization to train a model based on a labeled source domain and then adapted it to the unlabeled target domain, which achieved retinopathy classification accuracies of 91.5%, 95.9% and 99.0% in three cross-domain scenarios, respectively.



However, to our knowledge, there are few studies on testing whether an existing public OCT dataset can be used to train a model that can work well on a private dataset having a large domain difference but a small number of labeled data, which is critical to clinical OCT applications lacking sufficiently labeled data from qualified ophthalmologists. In this paper, we discuss this new scenario, i.e., assuming that we only have a private OCT database named as the private domain, which has a few labeled but a large number of unlabeled images, with another fully labeled public OCT database named as the public domain. This situation exists commonly in a product development cycle, e.g., at the early stage of commercializing a new medical imaging such as OCT device when only a small amount of labeled data are collected at the beginning of its own clinical trial. Our purpose is to train a network that is able to work well on the private domain with a small number of labeled images. To achieve this objective, we propose a new transfer-learning approach based on the sub-domain adaptation (TLSDA) method for the automatic classification of retinopathy using OCT images. Specifically, the proposed TLSDA method consists of two steps. The first step is to use a new sub-domain adaptation method to align the feature spaces of the public domain and the private domain. The second step is to use a small percentage, e.g., 10% labeled data, in the private domain to further fine-tune the domain adapted model. Experiments showed that our method could obtain remarkable results for OCT image classification even with very few labeled OCT images. Details of this study are described as follows.




2. Materials and Methods


2.1. Datasets and Processing Method


In this paper, three publicly open OCT retinopathy datasets are utilized to demonstrate the effectiveness of the proposed algorithm. The first dataset (denoted as Dataset A) was acquired from 45 subjects in different locations of the USA, which includes 723 AMD, 1101 DME and 1407 normal images [12]. The second dataset (denoted as Dataset B) was obtained at Noor Eye Hospital in Tehran, Iran [13]. Specifically, Dataset B was acquired from 148 subjects, which includes 1565 AMD, 1104 DME and 1585 normal images. The third dataset was collected from six different hospitals in the USA and China [1], which includes 37,206 CNV, 11,349 DME, 8617 drusen and 51,140 normal images from 4686 subjects.



Since Dataset A and Dataset B only consider “dry” AMD and drusen usually present in early AMD, to keep consistency, we discarded the category of CNV (“wet” AMD) and treated drusen as AMD in the third dataset. Furthermore, to balance the total numbers in each dataset, we randomly selected 1000 AMD images, 1000 DME images and 1000 normal images in the third dataset and named it as Dataset C for experiment in this study. Although those three datasets were all imaged using the same brand of OCT imaging system (Spectralis, Heidelberg Engineering GmbH., Heidelberg, Germany), subject characteristics were found to be quite different. For instance, subjects in Dataset A and Dataset C were predominantly Caucasian and those in Dataset B were predominantly Asian. In addition, Dataset A, Dataset B and Dataset C were collected in 2014, 2017 and 2013~2017, respectively. This indicated different datasets might come from different versions of the same brand of OCT machine, which might bring variations to the acquired OCT images. Figure 1 shows some typical examples of different retinopathies in the three datasets.



The proposed TLSDA method is shown in Figure 2. It is assumed that we have a public (source) domain and a private (target) domain. The data in the public domain are fully labeled, while only 10% of the private domain data (~100 images per category) are labeled. Although the two domain datasets include the same type of cross-sectional B-mode OCT retinal images, their data distribution is significantly different. The proposed TLSDA method consists of two steps. In Step 1, we assume all the data in the private domain are not labeled and a new sub-domain adaptation algorithm is used to reduce the discrepancy of feature distribution between the public domain     D   p u b l i c   =     x   p u b l i c   ,   y   p u b l i c       and the private domain     D   p r i v a t e   =     x   p r i v a t e      . In Step 2, we fine-tune the Step 1 pretrained network using 10% of the labeled data in the private domain. More details are provided in the following sections.



2.1.1. Deep Sub-Domain Adaptation with Pseudo-Label


In this step, we propose a new deep sub-domain adaptation network with pseudo-label (DSAN-PL) to train a neural network, which consists of a feature extractor and a classifier. The basic feature extractor is ResNet-50 with all the fully connected layers removed, which aims at domain-invariant feature extraction. The classifier is a fully connected layer with three output neurons for classifying three types of retinopathies. The structure of the sub-domain adaptation method is presented in Figure 3. The overall loss function contains three types of loss functions, which is defined as:





  L =      L    t c   + λ  L  d a   + α ( t )  L  p c    



(1)




where     L   t c     is the true label classification loss,     L   d a     is the sub-domain adaptation loss,     L   p c     is the pseudo-label classification loss,   λ   and   α   t     are weighting coefficients, and   t   indicates the epoch number in training. The pseudo-label is used for labeling the unlabeled data, which indicates the predicted class with the condition that the classification probability for the unlabeled image is greater than a confidence threshold, e.g., 96% used in this study. The detailed information of the three sub-loss functions is presented as follows.



Sub-domain adaptation loss: The sub-domain adaptation loss is designed for reducing the discrepancy in sub-domain features distribution between the public and the private domain. We adopted the local maximum mean discrepancy (LMMD) loss [14], which is specifically used to quantitatively evaluate the sub-domain feature distance and calculated as follows:


     L  d a    =   1 C    ∑  c = 1  C     [   ∑  i = 1       n s         ∑  j = 1    n s      ω  1 − c  i   ω  1 − c  j  k (  f s i  ,  f s j  )                  +   ∑  i = 1    n t       ∑  j = 1    n t      ω  2 − c  i   ω  2 − c  j  k (  f t i  ,  f t j  ) − 2   ∑  i = 1    n s       ∑  j = 1    n t      ω  1 − c  i   ω  2 − c  j  k (  f s i  ,  f t j  )         ]    



(2)




where     f   s     and     f   t     are image feature vectors generated by the feature extractor,   k   is a kernel function to compute the dot product of two image feature vectors,     ω   1 − c   i     and     ω   2 − c   j     are the weight of     x   p u b l i c   i     and     x   p r i v a t e   j     belonging to class   c  ,   C   is the numbers of total classes, and     n   s     and     n   t     are the sample size for the public and private domains, respectively. The kernel function is used in association with transforming features into sparse spaces so that the chances of linear separability become higher. Readers can find more details of LMMD in [14]. According to [14], the true label     y   p u b l i c   i     can be used as a one-hot vector to compute     ω   1 − c   i     in the public domain:


    ω   1 − c   i   =     y   p u b l i c − c   i       ∑  (   x   p u b l i c   j   ,   y   p u b l i c   j   ) ∈   D   p u b l i c        y   p u b l i c − c   j        



(3)







Since the data in the private domain are unlabeled, the classification output can be set as the probability of assigning     x   p r i v a t e   j     to each of the C classes. Then,     ω   2 − c   j     can be computed similarly for each target sample in the private domain.



True and pseudo-label classification losses: The discrepancy in feature distributions across different domains is evaluated using the sub-domain adaptation loss. The classifier in [14] was only trained using a loss function in the labeled domain with true labels, which is defined as follows:


    L   t c   = −   1   N     ∑  i = 1   N      ∑  c = 1   C      y   p u b l i c   i c     log  ⁡      y  ^    p u b l i c   i c          



(4)




where     y   p u b l i c   i c     represents the corresponding true probability of the instance   i   for class   c   (either 0 or 1),       y  ^    p u b l i c   i c       represents the output probability of the classifier in the public domain,   N   is the total number of instances and   C   is the number of classes. However, training the classifier using the labeled image data in the public domain may lead to reduced classification performance in the private domain. To solve this problem, we adopted the idea of pseudo-label, a typical semi-supervised learning skill [15]. Specifically, we also used the representations with pseudo-labels in the private domain to train the classifier, which can be defined as follows:


    L   p c   = −   1   M     ∑  i = 1   M      ∑  c = 1   C      y   p s e u d o   i c     log  ⁡      y  ^    p s e u d o   i c          



(5)




where       y  ^    p s e u d o   i c     represents the predicted probability of the classifier,     y   p s e u d o   i c     represents the corresponding pseudo-probability of the instance   i   for class   c   (either 0 or 1) in the private domain,   M   is the total number of instances and   C   is the number of classes.




2.1.2. Model Fine-Tuning Based on Deep Sub-Domain Adaptation (TLSDA)


We employed the fine-tuning technique to further train the neural network following the pseudo-label-based sub-domain adaptation. Specifically, we initialized the network parameters from Step 1, which was trained with the deep sub-domain adaptation with pseudo-label, and fine-tuned it using a few labeled OCT data in the private domain. To preserve the knowledge previously acquired by the model, we used a smaller learning rate during fine-tuning, which prevented significant weight changes.





2.2. Evaluation Metrics and Model Implementation


To quantify the performance of different methods, we used six classification evaluation metrics, including Accuracy (ACC), Precision, Recall, Specificity, Areas Under the Receiver Operating Characteristic (ROC) Curve (AUC) and Matthews correlation coefficient (MCC), which are broadly used in machine learning for classification applications. Precision, Recall and Specificity are calculated separately for each class being treated as positive and regarding other classes as negative and then averaged for all the classes in a multi-category classification. We trained the network using the stochastic gradient decent (SGD) with a momentum of 0.9, a batch size of 32, a weight decay of 0.0005, a learning rate of 0.01 in Step 1 and 0.0001 in Step 2. The kernel adopted in Equation (2) was the Gaussian kernel.   λ   in Equation (1) is set to be 0.5 and   α   t     in Equation (1) is set as shown in Equation (6), where     α   0   = 0.3  . The code was written using PyTorch 1.5.0 with Python 3.7 and run on a personal computer with an NVIDIA GeForce GTX 1080 GPU. For each method, we run it for 100 epochs in training.


  α ( t ) =     0            t  < 20       t −   20      40    α 0         20  ≤ t < 60      α 0         t  ≥ 60      



(6)








2.3. Experiments


2.3.1. Domain Bias Experiment


In order to illustrate the domain difference existing in the three datasets, three basic DL models using ResNet50 with randomized initial parameters were trained. Specifically, we trained the model with 90% labeled OCT images on Dataset A, which was named as Model A, and then tested and compared the performance of Model A on the rest of Dataset A, full Dataset B and full Dataset C, respectively. This domain bias experiment was repeated for models trained on 90% Dataset B and 90% Dataset C, which were named as Model B and Model C, respectively.




2.3.2. Unsupervised DSAN-PL Experiment


A neural network was trained using the proposed DSAN-PL algorithm. To demonstrate the superior performance of the proposed domain adaptation method, we compared it with some popular and state-of-the-art domain adaptation methods, including DAN [16], DANN [17], DeepCoral [18] and DSAN [14]. Specifically, DAN, DeepCoral and DSAN are statistic moment-matching-based methods, and DANN is an adversarial-based method. For fair comparison, we have performed three domain adaptation tasks, i.e., A to B, A to C and B to C. For A to B, the labeled domain is Dataset A, while the unlabeled domain is Dataset B. The scenarios of A to C and B to C are similarly defined.




2.3.3. Semi-Supervised TLSDA Experiment


We further tested the scenario where there was a small percentage (10%) of data with true labels existing in the private domain and how sub-domain adaptation could help improve the classification performance. Following the previous experiment, four different types of experiments were conducted on Dataset B and Dataset C as the private domain where 10% data were labeled. The first method is the basic one without transfer learning (No-TL), i.e., the model trained using 10% of the private OCT dataset first and then tested on the remaining 90% data, with random network parameter initialization. The second one is the transfer learning with ImageNet (TL-ImageNet). This model was obtained by fine-tuning the basic ResNet-50 model pretrained on the ImageNet dataset using 10% of the private OCT dataset. The third one is similar to the TL-ImageNet, with the difference that the model was fine-tuned using a whole public OCT dataset (here indicating Dataset A) and it was named TL-OCT. The last one is the transfer learning with the sub-domain adaptation model (TLSDA) proposed in this study, which was trained using the 100% source domain data from Dataset A. Our codes for the above three experiments are available at: https://github.com/tzc123456/OCT-retinopathy-classification (accessed on 25 December 2023).






3. Results


3.1. Domain Bias Experiment Results


Raw results of domain bias experiment using various evaluation metrics and ROC curves are shown in Table 1 and Figure 4, respectively. Figure 5 further shows a comparison of the mean results for the same and different domains. The results clearly show that the model trained on one domain could not be well generalized to another domain directly. The average accuracy was 91.62 ± 3.20% for models trained and tested in the same domain, while it was only 65.34 ± 11.00% for those trained in one domain and tested in another domain. It clearly indicates the problem of domain bias, which is a well-known problem in computer vision [19]. Based on these results, it could also be found that the generalization result seemed to be the best for C→A as there was only an 8% decrease for this domain change, while the decrease almost approached ~30% for other cross-domain cases. Similar trends of results were found for other evaluation metrics, including Precision, Specificity, Recall, AUC and MCC in all results of this study in comparison with Accuracy (ACC). Therefore, typical results were described using Accuracy here and in all the following text.




3.2. Unsupervised DSAN-PL Results


Table 2 and Figure 6 show the results of the domain adaptation experiment using various evaluation metrics and ROC curves, respectively. It could be found that the basic model ResNet-50 [20] without domain adaptation had the poorest performance. ACCs were 60.06%, 64.37% and 56.20% for the scenarios of A to B, A to C and B to C, respectively, demonstrating the above-mentioned problem of domain differences. With domain adaptation methods, the classification performance in the unlabeled domain was significantly improved. Among various domain adaptation methods, the performance of DANN, which is based on adversarial domain adaptation, outperformed domain adaptation methods based on statistical feature transformation such as DeepCoral and DAN. This indicates that adversarial domain adaptation has a strong domain alignment ability. However, adversarial domain adaptation methods did not consider fine-grained information, so their performance was still inferior to sub-domain adaptation methods such as DSAN [14] and the proposed DSAN-PL. Compared with DSAN, the proposed DSAN-PL further considered the benefit of high-quality pseudo-labels in serving as effective training samples and intrinsically increasing the number of training data, thus improving the model performance.



To further demonstrate the effectiveness of the domain adaptation method, we also plot its learnt features by using the t-distributed stochastic neighbor embedding (T-SNE) technique [21] with some typical examples before and after the sub-domain adaptation shown in Figure 7. The T-SNE is a nonlinear dimensionality reduction method to lower the rank of high-dimensional data to two dimensions for visualization. It could be found that the features in different domains were not aligned well without domain adaptation method. In contrast, the features were aligned quite well after the application of our sub-domain adaptation method.




3.3. Semi-Supervised TLSDA Results


Table 3 and Figure 8 show the evaluation results for the transfer learning experiment using various evaluation metrics and ROC curves, respectively. It could be found that No-TL, a model trained with random parameter initialization, had the poorest performance in the private domain. ACCs were 43.19% and 39.15% for Dataset B and Dataset C, respectively. This clearly indicated the probable over-fitting problem in lack of sufficient annotated data for training. Using transfer learning techniques, the model classification performance could be significantly improved. For TL-ImageNet and TL-OCT, ACC increased to 83.63% and 88.90% for Dataset B and to 82.37% and 88.56% for Dataset C, respectively. In other words, transfer learning can be a highly effective technique for a private domain with limited annotated data. Among the four different experiments, the proposed TLSDA method significantly outperformed other methods. It achieved classification accuracies of 93.63% and 96.59% for Dataset B and Dataset C, respectively. It clearly indicates fine-tuning the network with sub-domain adaptation can achieve remarkably improved classification results. For TLSDA, we also conducted a further experiment with different training sample ratios increasing from 5% to 30% in fine-tuning and the experiment results are included in Supplementary Figure S1 and Table S1. The results showed that classification performance generally increased as the training sample ratio increased up to 30%.



To further demonstrate the effectiveness of the proposed TLSDA method, we visualized the important regions in the OCT image that were vital in classification of various diseases using the Gradient-weighted Class Activation Mapping (Grad-CAM) technique [22]. Grad-CAM is a technique utilizing the weighted average of features and their gradients in the form of a heatmap to visualize the key region of an image in the decision of category classification. Three typical results for classification of two cases of AMD and one case of DME where the lesions are still subtle are shown in Figure 9. In these three examples where the lesion features were not obvious, No-TL, TL-ImageNet and TL-OCT methods did not find the lesion regions well, while the proposed TLSDA could localize these regions accurately. The highlighted regions in TLSDA well include typical lesions of small drusen and edema, which are important symptoms for diagnosis of AMD (Figure 9a,b) and DME (Figure 9c), respectively.





4. Discussion


Currently, supervised deep learning has achieved remarkable success in OCT retinopathy classification. However, to our knowledge, there are scarce studies focusing on disease classification with a small amount of training data. In this study, we proposed a novel method to solve this problem by firstly utilizing a public dataset through an improved sub-domain adaptation method and then fine-tuning (TLSDA) method. Experimental results showed that the proposed TLSDA method outperformed other popular transfer learning algorithms. TLSDA could be potentially recommended as an effective solution in the application scenario of semi-supervised learning with a small amount of training data for the task of OCT retinopathy classification or other similar applications.



The first step of our proposed TLSDA is the utilization of domain adaption technique. Domain bias generally exists among datasets, which can be caused by various factors including but not limited to measurement bias and sampling bias [23]. In this study, the measurement bias could be induced by the different versions of the image acquisition device, although the same brand of OCT machine was used for the three datasets. The sampling bias referred to the difference of subject populations, for which there might be a significant difference among the three datasets, particularly the ethnicity. According to the domain bias experiment results, the mean classification ACC was 91.62 ± 3.20% and 65.34 ± 11.00% when the model was applied to the test data of the same and different domains, respectively. Obviously, the domain difference caused the classification performance to be significantly degraded when the DL model was applied to a different domain dataset in comparison with the one used for training. Therefore, our domain bias experiment clearly showed that the model trained in the public domain could not be directly used in the private domain due to domain bias. Further observation showed that the classification model trained on Dataset C was generally more applicable to the other two datasets, which might be due to a broader ethnic range for the tested subjects in Dataset C, which included both Caucasian and Asians. Other factors, such as age and gender, might also play a role in the domain bias but these were not specifically analyzed in this study, which warrants further investigation.



In this study, a modified deep sub-domain adaptation network with pseudo-label (DSAN-PL) was proposed to realize the domain adaptation for the classification task. Sub-domain adaptation was adopted because this technique not only considers the overall cross-domain alignment but also specifically takes account of the sub-domain feature alignment, which is beneficial for improving the classification performance [14]. Our DSAN-PL network further utilized pseudo-labels in training to update the weights of models. Pseudo-labels with high confidence in class prediction should be used in loss calculation; otherwise, low-quality ones may induce error and, therefore, bring adverse rather than beneficial effect to model training. Pseudo-label became more and more reliable along with training time. Therefore, a time-dependent coefficient   α   t     which increases from 0 and a plateau at a constant     α   0     with the training time   t   was used in the part of the pseudo-label-related loss function to control this timing effect. Among various domain adaptation methods, DSAN and our method performed much better than others. DSAN and our method focused on sub-domain adaptation, which emphasized the objective of learning a local sub-domain shift. Other domain adaptation methods including DAN [16] and DeepCoral [18] mainly learned a global domain shift, i.e., they did not consider the relationships among sub-domains of different classes, which might fail to extract fine-grained features for each class. DANN [17] achieved the task of domain adaptation by incorporating an adversarial structure which is one of the most important breakthroughs in recent deep learning field [24]. With this advanced technique, DANN achieved significantly better results than DAN and DeepCoral. However, its performance was still inferior to DSAN and our method, showing the sub-domain feature alignment as an extraordinarily important point to be considered in improving domain adaptation performance. Compared with DSAN, our method further considered the benefit of high-quality pseudo-labels in serving as effective training samples and intrinsically increasing the number of training data, thus improving the model performance [15]. It could be seen that the increase in accuracy after using pseudo-labels compared to DSAN without pseudo-labels was 0.18% and 0.77% for the cross-domain learning of A→C and B→C, respectively, which was not so large. It should be noted that a fixed confidence threshold of 96% was used for defining pseudo-labels associated with calculation of pseudo-label classification loss in this study, which could be improved in further investigation using other strategies such as the curriculum-labeling-based pseudo-labeling method [25].



Our transfer learning experiment showed that the proposed TLSDA method with DSAN-PL as the first step for domain adaptation and a fine-tuning with 10% labeled data as the second step for transfer learning was effective to achieve good performance for OCT retinopathy classification. This method was much better than the deep learning model which was pretrained on ImageNet or a public OCT Dataset. The feature heatmap obtained using Grad-CAM also showed the TLSDA could well locate the critical lesion parts such as drusen and cysts, which are also clinical symptoms used by doctors in making a classification decision. Compared to our DSAN-PL, the second step of fine-tuning significantly improved the classification performance, although the extent of improvement was quite different on Dataset B (+9.43%) and Dataset C (+1.24%). The 10% labeled OCT image seemed to be more important in providing new information in the transfer learning of Dataset B than Dataset C in terms of improving classification accuracy, which might be due to the different cross-domain distances in domain adaptation (A→B vs. A→C). Extra experiments for the training sample ratio changing from 5% to 30% showed that, when 10% labeled data were used, the model was not overfit yet, as the result constantly increased up to 30% sample ratio. It is important to note that, while increasing the proportion of labeled data can improve model accuracy, it does not necessarily mean that more labeled data is always required. In practical applications, labeled data are often expensive and difficult to obtain. The overall transfer learning results have demonstrated that our proposed TLSDA method has the potential to be used in a real scenario where only a small number of labeled images may exist in a private domain, e.g., at the beginning of commercializing a new or new generation OCT or other medical diagnosis device, but there are open clinical datasets regarded as the public domain from other brands of the same type of device or its past generation. In this case, the public domain dataset can be fully utilized through our proposed sub-domain adaptation method to accelerate the establishment of a performant DL model in the private domain.



There are some limitations in this study. First, we only considered the most common retinal diseases including AMD and DME here. Other retinal diseases were overlooked due to too few training samples and, therefore, whether the current conclusions could be well generalized to other retinal diseases is of some concern. Second, ResNet-50 was used as the basic feature extractor in this study. The performance of our method would likely be enhanced when more advanced deep learning architectures such as attention module [26,27] or dense block [28] are used. Third, the training time was still relatively long, which was not particularly considered in this study. Light neural networks such as MobileNet [29] or ShuffleNet [30] or specific model simplification techniques such as knowledge distillation [31] could be considered if small deep learning or some conventional machine learning models [32] are deployed in a mobile terminal or an embedded system with limited computing resources. In general, the problem we tried to solve in this study belongs to a field of meta-learning [33,34] where the specific question is to optimize model parameter initialization in the case of transfer learning with a small sample number. The objective is to adjust the model parameters to be nearer the center of solution before transfer learning with a small amount of data for the target dataset. So, any technique which focuses on solving the problem of small sample such as the few-shot learning [35,36] could be applied to our problem, which will be investigated in future studies. Lastly, the generalizability of our domain adaptation method to other OCT datasets still needs to be evaluated due to different characteristics such as imaging conditions, imaging devices and population demographics existing in different datasets. This domain difference may be defined using a quantitative index [37], the relationship of which with domain adaptation technique generalizability may be investigated in future studies. Clinical validation studies are also in planning for testing the clinical value of the current method, where various cautions such as recording of imaging conditions, sample size, subject demographics and manual annotation should be excised in close collaboration with doctors to obtain and comprehend the final clinical results.




5. Conclusions


This study proposes a novel semi-supervised method using domain adaptation and fine-tuning method to establish an effective deep learning model for classifying retinopathies in OCT images. The superior performance of the proposed method was demonstrated by comparison with state-of-the-art domain adaption methods and also popular transfer learning methods. The proposed method has the potential to be generalized to similar application scenarios in a private domain where training data are insufficient but there exists a public domain with sufficiently labeled data.
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Figure 1. Some typical OCT images of AMD, DME and normal eyes in (a) Dataset A, (b) Dataset B and (c) Dataset C. 
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Figure 2. An overview of the proposed transfer learning method based on sub-domain adaptation (TLSDA). 
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Figure 3. The proposed sub-domain adaptation method used for cross-domain retinopathy classification of OCT images.     x   p u b l i c     and     x   p r i v a t e     are image samples from the public and private domains, respectively.     f   s     and     f   t     are the extracted features for the public and private domains, respectively. 
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Figure 4. ROC curves for testing the domain bias using a model trained using one specific dataset and tested on all the three datasets. (a) ROC curves for Model A; (b) ROC curves for Model B; (c) ROC curves for Model C. See text for the details of different models. 
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Figure 5. Averaged domain bias evaluation results for ACC, Precision, Recall, Specificity, AUC and MCC. Results tested on the same and different domain with respect to training and testing dataset difference are shown in two bars. Error bars indicate the standard deviations of results. 
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Figure 6. ROC curves of different domain adaptation models across different domains. (a) Domain adaptation for A→B; (b) domain adaptation for A→C; (c) domain adaptation for B→C. See text for the details of different models. 
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Figure 7. T-SNE plots for features of the source and target domain datasets. (a,c,e) are the visualizations of the learned representations for ResNet-50 without domain adaptation on tasks of A→B, A→C and B→C, respectively. (b,d,f) are the visualizations for the proposed domain adaptation on tasks A→B, A→C and B→C, respectively, where better sub-domain feature alignments are clearly seen. S and T stand for the public and private domains, respectively. 
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Figure 8. ROC curves of different transfer learning models. (a) Testing on Dataset B; (b) testing on Dataset C. See text for the details of different models. 
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Figure 9. Grad-CAM results for three typical examples of (a) AMD Case 1; (b) AMD Case 2; (c) DME Case. The first column shows the original images, while the other three columns show the results of No-TL, TL-ImageNet, TL-OCT and TLSDA, respectively. Red blocks in the first column represent the manually marked key image regions of drusen or cysts for disease prediction. 
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Table 1. Results using various evaluation metrics for the domain bias experiment.
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Models

	
Test

	
ACC (%)

	
Precision (%)

	
Recall (%)

	
Specificity (%)

	
AUC

	
MCC






	
Model A

	
A

	
93.79

	
93.01

	
94.00

	
97.13

	
0.998

	
0.909




	
B

	
60.06

	
62.88

	
61.44

	
79.43

	
0.790

	
0.436




	
C

	
64.37

	
66.69

	
64.37

	
82.18

	
0.808

	
0.470




	
Model B

	
A

	
57.91

	
66.62

	
61.55

	
80.99

	
0.772

	
0.439




	
B

	
87.74

	
89.72

	
86.14

	
93.53

	
0.960

	
0.816




	
C

	
56.20

	
63.22

	
56.20

	
78.10

	
0.759

	
0.363




	
Model C

	
A

	
85.58

	
88.87

	
84.92

	
91.90

	
0.975

	
0.788




	
B

	
67.89

	
69.42

	
69.64

	
84.46

	
0.881

	
0.537




	
C

	
93.33

	
93.41

	
93.33

	
96.67

	
0.984

	
0.900








Bold indicates the best result among all tests. Model X means the DL model trained using Dataset X, and Test Y means the trained model is tested on Dataset Y.













 





Table 2. Comparison results of three scenarios using various domain adaptation methods.
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Scenarios

	
Methods

	
ACC (%)

	
Precision (%)

	
Recall (%)

	
Specificity (%)

	
AUC

	
MCC






	
A to B

	
ResNet-50

	
60.06

	
62.88

	
61.44

	
79.43

	
0.790

	
0.436




	
DAN

	
75.04

	
78.05

	
77.19

	
88.05

	
0.881

	
0.651




	
DANN

	
82.86

	
84.90

	
84.21

	
91.67

	
0.869

	
0.762




	
DeepCoral

	
70.29

	
73.46

	
73.10

	
85.88

	
0.895

	
0.590




	
DSAN

	
83.69

	
84.22

	
85.06

	
92.14

	
0.896

	
0.764




	
DSAN-PL

	
84.20

	
84.60

	
85.52

	
92.42

	
0.899

	
0.771




	
A to C

	
ResNet-50

	
64.37

	
66.69

	
64.37

	
82.18

	
0.808

	
0.470




	
DAN

	
82.83

	
84.49

	
82.83

	
91.42

	
0.936

	
0.750




	
DANN

	
87.30

	
89.02

	
87.30

	
93.65

	
0.958

	
0.818




	
DeepCoral

	
80.27

	
81.71

	
80.27

	
90.13

	
0.929

	
0.711




	
DSAN

	
95.17

	
95.18

	
95.17

	
97.58

	
0.970

	
0.928




	
DSAN-PL

	
95.35

	
95.33

	
95.33

	
97.67

	
0.973

	
0.930




	
B to C

	
ResNet-50

	
56.20

	
63.22

	
56.20

	
78.10

	
0.759

	
0.363




	
DAN

	
81.50

	
84.85

	
81.50

	
90.75

	
0.929

	
0.741




	
DANN

	
89.77

	
90.96

	
89.77

	
94.88

	
0.954

	
0.854




	
DeepCoral

	
80.83

	
84.14

	
80.83

	
90.42

	
0.959

	
0.729




	
DSAN

	
95.43

	
95.71

	
95.43

	
97.72

	
0.980

	
0.933




	
DSAN-PL

	
96.20

	
96.36

	
96.20

	
98.10

	
0.984

	
0.944








Bold indicates the best results.













 





Table 3. Results using various evaluation metrics for various transfer learning methods.
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	Dataset
	Test
	ACC (%)
	Precision (%)
	Recall (%)
	Specificity (%)
	AUC
	MCC





	
	No-TL
	43.19
	52.00
	38.74
	69.83
	0.550
	0.156



	B
	TL-ImageNet
	83.63
	83.75
	82.05
	91.60
	0.952
	0.752



	
	TL-OCT
	88.90
	89.47
	89.15
	94.31
	0.952
	0.834



	
	TLSDA
	93.63
	93.73
	93.74
	96.74
	0.990
	0.903



	
	No-TL
	39.15
	30.73
	39.15
	69.57
	0.550
	0.103



	C
	TL-ImageNet
	82.37
	83.12
	82.37
	91.19
	0.933
	0.739



	
	TL-OCT
	88.56
	89.08
	88.56
	94.28
	0.972
	0.831



	
	TLSDA
	96.59
	96.61
	96.59
	98.30
	0.995
	0.949







Bold indicates the best results.



















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications