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G e W

Abstract: Large-scale datasets, which have sufficient and identical quantities of data in each class,
are the main factor in the success of deep-learning-based classification models for vision tasks. A
shortage of sufficient data and interclass imbalanced data distribution, which often arise in the
medical domain, cause modern deep neural networks to suffer greatly from imbalanced learning
and overfitting. A diagnostic model of diabetic retinopathy (DR) that is trained from such a dataset
using supervised learning is severely biased toward the majority class. To enhance the efficiency of
imbalanced learning, the proposal of this study is to leverage retinal fundus images without human
annotations by self-supervised or semi-supervised learning. The proposed approach to DR detection
is to add an auxiliary procedure to the target task that identifies DR using supervised learning. The
added process uses unlabeled data to pre-train the model that first learns features from data using
self-supervised or semi-supervised learning, and then the pre-trained model is transferred with the
learned parameter to the target model. This wrapper algorithm of learning from unlabeled data
can help the model gain more information from samples in the minority class, thereby improving
imbalanced learning to some extent. Comprehensive experiments demonstrate that the model trained
with the proposed method outperformed the one trained with only the supervised learning baseline
utilizing the same data, with an accuracy improvement of 4~5%. To further examine the method
proposed in this study, a comparison is conducted, and our results show that the proposed method
also performs much better than some state-of-the-art methods. In the case of EyePaCSs, for example,
the proposed method outperforms the customized CNN model by 9%. Through experiments, we
further find that the models trained with a smaller but balanced dataset are not worse than those
trained with a larger but imbalanced dataset. Therefore, our study reveals that utilizing unlabeled
data can avoid the expensive cost of collecting and labeling large-scale medical datasets.

Keywords: deep learning; pre-trained model; self-supervised learning; semi-supervised learning;
diabetic retinopathy; imbalanced data distribution

1. Introduction

Diabetic retinopathy (DR) is a common complication of diabetes that manifests as
damage to the retinal blood vessels, and is the leading cause of blindness [1]. Compared to
the large number of DR patients, there is a relatively severe shortage of ophthalmologists,
which reduces the capacity to examine DR patients and delays treatment [2—4]. Automated
DR diagnosis allows medical experts to make early, regular, easier, and real-time exam-
inations for patients to slow or avert the progression to their vision impairment. It also
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helps to save time, cost, and medical resources in response to an increasing prevalence of
DR [3-5].

Applications of automated DR detection involve the classification of the presence and
severity of DR; segmentation of lesions such as blood vessel, hemorrhagic, and exudative
lesions; and the localization and segmentation of the optic disk, macula, and fovea [3-6].
CNN-based deep learning has attracted major interest in DR detection, and provides better
performance than traditional approaches [3,4,6]. Numerous studies on DR detection using
deep learning have been reported. Ensemble learning combines deep learning and other
machine learning algorithms such as principal component analysis (PCA), support vector
machine (SVM), random forest (RF), etc. Most of the data used for automated DR detection
systems have been fundus images, with some tasks using optical coherence tomography
images. The performance of DR detection is usually assessed by accuracy, sensitivity,
specificity, precision, F1 score, etc., [3-6].

The application of deep learning in identifying DR can be considered as having two
parts. The first part is a feature extractor (i.e., encoder) and the second part classifies DR
using the extracted features. CNNs are often used as the backbone networks. Features
extracted by a CNN model are then used by a dense neural network or other machine
learning algorithms such as SVM, REF, decision tree, Gaussian techniques, PCA, etc., to
perform a classification task [3,4]. Learning is usually implemented with the supervised
learning baseline, and the start-of-the-art models such as VGG, ResNet, and those in
the Inception family are commonly employed to extract features [3,4,6]. These CNN
models have been trained on ImageNet, so they can be used as pre-trained models with
the learned parameters. These pre-trained models are popularly used to initialize the
feature extractor via transfer learning, which involves the removal of the top layer of
the network [7-14]. Additional to making use of these off-the-shelf networks, CNN-
based models are also customized or modified and trained from scratch to learn DR
features [15-17]. In addition to multilayer perceptrons (MLPs) and the various machine
learning methods mentioned above, some studies used ensemble methods to produce
classifiers, i.e., used multiple learning algorithms to obtain better prediction performance
than using one algorithm alone [4]. As described by Zhang et al. [8], a classier is the
average of three softmax outputs, and each softmax is the final output of a four-layer MLP.
Tymchenko et al. [10] and Qummar et al. [18] also used the method of combining several
encoders to form an ensemble model. The final output is the average of the fused results of
the ensemble model. In Antal et al. [19], several classifiers using different algorithms such as
decision tree, MLP, SVM, and RF were trained to construct an ensemble classier. Even more
interesting is the use of the Siamese-like CNN to detect left and right retinal fundus images,
respectively [20]. Designing and adding a useful module to the CNN backbones is used to
address the imbalanced DR grading problem [13]. It is accomplished using self-supervised
learning to train a model for retinal disease diagnosis using multimodal data. These
multimodal data consist of raw and transformed fundus images, as well as synthesized
fundus fluorescein angiography (FFA) modality data generated by a GAN model [21]. The
small network modules are comprised of a selected number of the layers to learn salient
features from the data [22]. The layers include convolution, batch normalization, ReLU,
and max pooling [22]. The deep-feature generator is designed by the non-fixed size patch
division model [23]. Since most DR datasets lack sufficient data or have an imbalanced
distribution between classes, several approaches are considered to deal with this problem.
These approaches include using transfer learning to exploit information of the models
pre-trained on large-scale datasets by applying augmentation techniques or generating
synthetic data through GANS to increase the diversity of the data [4], and developing a self-
training deep neural network model to utilize unlabeled data [24]. Zhu et al. proposed a
brain tumor segmentation method based on the fusion of a semantic segmentation module,
an edge detection module, and a feature fusion module. This method of fusion outperforms
several state-of-the-art brain tumor segmentation methods [25].
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Modern deep learning algorithms have produced unprecedented achievements for
object recognition recently. Large-scale datasets are one of the main factors determin-
ing the success of deep-learning-based models when performing visual tasks [26]. This
demonstrates that more training data ensures that the learning algorithm can obtain more
meaningful and discriminating representations from the data. The models depend on
training data, and the more data, the better the results, as large amounts of data avoids
overfitting and enables the development of more sophisticated and robust models [27].
However, unlike image data from nature, medical data are not readily available, especially
images from samples medically identified as abnormal, because the average number of
patients with a given disease is much lower than the number of healthy individuals. On the
other hand, annotation is also a factor in the difficulty of obtaining sufficient medical image
data. As a result, a shortage of sufficient data and interclass imbalanced data distribution
often arise in the medical field of the real world [28,29]. Unfortunately, neural networks
suffer greatly from imbalanced learning due to the class-imbalanced data distribution, and
they often suffer from overfitting due to the lack of sufficient medical data [30,31].

This challenging situation also exists in DR image data. Due to the relatively fewer
data samples with DR symptoms in the dataset available for training a model, the model is
biased to represent the majority category without DR symptoms, leading to false-negative
predictions of models. For a medical diagnosis, a false-negative prediction is more serious
and dangerous to patients than a false-positive diagnosis because it ignores the disease [32].
Therefore, importance should be attached to this biased classification problem caused by
the skewed distribution of training data. However, there are currently very few studies
dedicated to DR detection with imbalanced learning.

This paper is focused on learning DR detection from such an interclass imbalanced
fundus image dataset. The purpose of this paper is to propose methods to overcome
this biased DR detection in order to reduce the error diagnosis rate and improve the
performance of the DR detection system. The principle of supervised learning is to learn
to make decisions in the direction of given supervision signals related to target tasks. The
lack of sufficient labeled data limits the generalization ability of supervised learning. To
overcome this and further improve the ability of the model to recognize under-represented
data, this paper considers training the model with a self-supervised or semi-supervised
learning-based approach to facilitate learning. Both semi-supervised and self-supervised
learning are effective ways to leverage information from unlabeled data, avoiding the
expensive cost of collecting and annotating large datasets.

Self-supervised learning, which is a subset of unsupervised learning methods, has
been proposed to learn features from the images themselves without any annotation [33].
Contrastive self-supervised learning is a technique for learning representations by com-
paring among multiple input samples. Its emergence has significantly narrowed the gap
between unsupervised learning and supervised learning. In recent years, the promising
performance of contrastive self-supervised learning both in computer vision (CV) and natu-
ral language processing (NLP) has shown that the underlying latent representations can be
learned from unlabeled data by contrastive self-supervised learning [34]. Semi-supervised
learning is a learning paradigm that uses a combination of labeled and unlabeled data to
train a model. Adding unlabeled samples to the training dataset changes the distribution
of the original dataset, which consequently affects the model in terms of making decisions.
If two points, x1 and x2, are close in a high-density region, then the corresponding output
y1 should be close to y2. Under such a smoothness assumption, the additional unlabeled
data help the model to find a more accurate decision boundary [33]. According to recent
advances in deep learning, semi-supervised learning outperforms supervised learning that
uses only labeled data [35].

There are few studies that have applied either self-supervised or semi-supervised
learning in DR detection. Common approaches used to apply self-supervised or semi-
supervised learning in other fields usually employ these learning methods to perform
the target tasks directly. Instead, self-supervised and semi-supervised learning are both
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used as a wrapper algorithm in this study. Specifically, the model is first pre-trained on
unlabeled retinal fundus data with self-supervised or semi-supervised learning; then, the
learned presentations are transferred to a model that will be fine-tuned for DR detection
with supervised learning using the labeled data, so that the useful knowledge learned
from unlabeled data in the same domain can help the target model to move in the right
direction of finding appropriate parameters from the beginning. Adopting a wrapper
algorithm that utilizes unlabeled DR data to the basic supervised learning baseline shows
better performance than using supervised learning alone. Furthermore, the combination
of self-supervised and semi-supervised learning proposed in this study also results in
improved accuracy and significant reduction in training time. This novel approach is very
useful when labeled data are too sparse to train a model for annotating unlabeled data.
Regarding imbalanced learning, the biased model caused by imbalanced labels can be
re-balanced to some extent under the influence of unlabeled data. To further deal with the
imbalanced learning problem, the classifier of the model is additionally fine-tuned on the
re-balanced training dataset obtained by re-sampling.

The results of the experiment demonstrate that the proposed methods enhance the
performance of DR detection from a supervised learning baseline by improving the perfor-
mance on the imbalanced data. Accuracy (ACC), sensitivity (TPR), and specificity (TNR)
were used as evaluation metrics. In the case of evaluating the model using the balanced Eye-
PaCs [36] test dataset, the false-negative error rate, which was 100%, was reduced to 14.8%,
and the accuracy rate, which was only 50%, improved to 86.4%. The best performance was
obtained on the balanced DDR [37] test dataset, with an ACC of 89.62%, TPR of 86.39%,
and TNR of 92.84%; this model was trained on the smaller balanced training set. The
performance of the model, which was trained on the imbalanced training dataset, achieved
an ACC of 89.50%, TPR of 87.81%, and TNR of 91.18%. The examination results obtained
on both EyePaCS and DDR test data are higher than those reported previously [13,15]. Test
results of the Messidor-2 [38] dataset significantly outperformed the state-of-the-art model
results [14], with an ACC of 90.68%, a TPR of 86.0%, and a TNR of 92.33%. The models
trained by adopting a wrapper algorithm that leveraged the unlabeled DR data used in
self-supervised or semi-supervised learning are 4~5% higher in accuracy than the ones
trained on the labeled data used in supervised learning only. It can be observed that the
performance of the model trained on a relatively small but balanced training set is not
worse than that of the model trained by a relatively large but imbalanced dataset. This
reveals that it is not necessary to use a large-scale dataset to feed deep-learning-based CNN
models to obtain better performance. Under the circumstances, where it is very difficult to
collect clean, labeled medical data, it is crucial to use a small amount of data to ensure that
the model works well. The proposed method can be applied to any deep learning model.
The main contributions of this study can be outlined as follows:

(1). We present a method in the form of a wrapper algorithm to help improve DR
detection using supervised learning. It uses semi-supervised or self-supervised learning to
first learn and gain features from unlabeled data, and then transfers these learned features
to a model using supervised learning to optimize learning.

(2). A combination of self-supervised and semi-supervised learning is used to perform
DR detection, and this combined approach can significantly reduce the learning time while
providing a viable solution for training models when labeled data are particularly scarce.

(3). To analyze the impact of data imbalance on learning, this study draws two different
training datasets, one larger and imbalanced, and the other a smaller and balanced, using
down-sampling. All experiments are conducted on these two datasets, and the results show
that the small balanced dataset is more advantageous for training models than the larger
and imbalanced data.

(4). To examine the proposed method, we conduct experimental tests on three different
DR datasets: EyePaCS, DDR, and Messidor-2.

The remainder of this paper is organized as follows: Section 2 describes the pro-
posed methods for DR detection. Section 3 presents experiments, result analyses, and
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comparisons with the previous results. Finally, the discussion and conclusion are given in
Sections 4 and 5, respectively.

2. The Proposed DR Detection System

DR detection includes extracting useful features from the pre-processed retinal fundus
images, which are input into the network, and the classification using these obtained
features. ResNet [39], which is a famous deep learning model applied in the residual
design to optimize learning, is commonly used as a backbone network in various tasks in
computer vision. ResNet-50 was employed as an encoder to learn presentations from the
input data in this study. The classifier is actually a MLP with two fully connected layers,
and the softmax function is used as an activation function in the final layer. The classifier
accepts the flattened input vectors and outputs two values denoting probabilities of RDR
or No-RDR for each corresponding input.

2.1. Data Pre-Processing

The retinal fundus image data used for training and testing were obtained from three
open datasets: EyePaCS [36], DDR [37], and Messidor-2 [38]. We removed some images
from EyePaCS because they were overexposed or underexposed, or had lost information.
Figure 1 shows several examples of these discarded images. The original images are circled
by a wide border on the black background where no information is provided for the DR
detection task. Therefore, the extra black border was cropped out to leave the central part of
each image containing task-related features. The source and images, the borders of which
are removed, are shown in Figure 2. All images were re-sized to 512 x 512 and normalized
before being fed into the network. After normalization, the pixels of each channel were in
the range —1 to 1, with a standard deviation of 1.

Figure 1. Examples of unusable fundus image data (the images are from the EyePaCS dataset [36]).

Figure 2. An example of source (left) and pre-processed (right) images (the image on the left is from
the EyePaCS dataset [36]).

2.2. The Proposed Method

In the absence of sufficient data with balanced distribution between classes, the study
was conducted to improve DR detection by utilizing unlabeled data. The model was
pre-trained with retinal fundus images without human annotations, and then the trained
model was fine-tuned on the labeled data to perform DR detection. The pre-training was
performed using self-supervised learning and semi-supervised learning, while the fine-
tuning procedure was implemented using supervised-learning. The main framework of
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Figure 3. Self-supervised and semi-supervised learning were used as wrapper algorithms
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Figure 3. The framework of the proposed DR detection system.

2.2.1. Pre-Training Using Self-Supervised Learning

The approach of using self-supervised and semi-supervised learning in this study was
inspired by the work of exploring pre-training and the semi-supervised and self-training
methods to utilize unlabeled data of the text corpus for improving performance on the
text classification task [40]. The results of Sun et al. show the obvious improvement in
the performance using both pre-training and self-training [40]. In addition, these authors
also found that if there was a text corpus consisting of a large-scale dataset in the domain,
then it was not necessary for their model to be pre-trained on the general open-domain
corpus. For example, the size of an unlabeled in-domain dataset is hundreds of times
larger than its labeled dataset. However, in practical research, collecting millions of pieces
of medical data is almost impossible. In this study, therefore, self-supervised learning
was applied for conducting the pre-training process to learn presentations from unlabeled
fundus image data, and is presented as module ‘1’ in Figure 3. After pre-training, the
learned parameters were used to initiate the encoder in module “2’, which represents the
target model of performing DR detection trained or fine-tuned on the labeled data using
supervised learning.

Contrastive self-supervised learning model was used in the pre-training task. The
object for comparison is the similarity between two vectors or two groups of vectors on a
hypersphere [41]. The similarity can be measured by the dot product of L2 normalization
of the vectors, or the cosine similarity, defined as

T,
Z; Zj

|Zi|2|zj|2/

S(zi-zj): 1
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The vectors z; and z; are projections of the representation (or embedding) projected
out by the encoder of the network. Cosine similarity, which is defined based on the cosine
of the angle between vectors, is a measure of similarity between vectors. An image can be
transformed into two different versions through rotation, flipping, resizing, etc. These two
transformed images from the same image are called a pair of positive samples, while other
different data samples from the same batch are deemed as the negative samples for one
positive sample. In theory, the similarity between positive samples should be higher than
between negative samples [41]. The loss function is defined as

L; = — log( P <S(Zi'zi+ )/T> )
i =—log ,
Yo exp(S(y,zt)/T)

where the above loss function is a form of the contrastive loss function called InfoNCE that
uses similarity measured by dot product [41]. Here, T is a temperature hyperparameter for
controlling the alignment and uniformity to find a balance. The alignment property guar-
antees that the distance between positive vectors should be close in the unit hypersphere,
while the uniformity property causes the feature vectors to be distributed uniformly on the
unit hypersphere. The model was optimized by minimizing this loss function.

2.2.2. Pre-Training Using Semi-Supervised Learning

Another approach used for pre-training is pseudo-label-based semi-supervised learn-
ing. It is a cyclic process involving three steps: The first step is to train a model, called the
teacher, using the labeled training data. This trained teacher model is used to annotate
the unlabeled fundus image data and create pseudo labels. To create more reliable pseudo
labels, we score the prediction values using a threshold of confidence. This step is shown
in module 3 of Figure 3. The next step is to train a model using the data with generated
pseudo labels, as shown in module 4 in Figure 4. This model is referred to as a student
model. Once the student model is trained, it can be used to initialize the teacher model.
The teacher model is then fine-tuned on the labeled training data, which goes back to the
first step of the loop. Then, the student model can be regarded as a pre-trained model.
After fine-tuning the teacher, a new teacher model is formed, which is then applied to
predictions, and pseudo labels are assigned to the remaining unlabeled data. These three
steps were iterated until all unlabeled data were predicted and used. This is a self-training
method, which is usually used for semi-supervised learning.

(a) Original image (b) Grad-CAM heat map (c) Grad-CAM result
Figure 4. Visualization results produced by Grad-CAM.

2.2.3. A Combination of Self-Supervised and Semi-Supervised Learning

The pseudo labels are created by the teacher model. The first teacher model was
obtained by training the model on the labeled dataset. However, the first teacher model
used for labeling can also be a combination of an encoder trained on the unlabeled data
and a classifier. This combined model is subsequently fine-tuned on the labeled data. That
is, the first teacher model for generating pseudo labels can be built using the modules ‘1’
and ‘2" in Figure 3. With the help of a pre-trained encoder trained using unlabeled data
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from module 1, the teacher model outperforms the model using only labeled data. Thus, a
more reliable pseudo label is generated.

2.2.4. Additional Process for Imbalanced Learning

Some studies report that using self-supervised or semi-supervised learning can im-
prove imbalanced learning to some extent [42,43]. However, the unlabeled dataset also
has a nature of class-imbalanced data distribution in the real world. The biased learning
will still be exerted on and affect the model, which pay attention to samples that belong to
the majority class. This makes the semi-supervised learning perform worse on data com-
pared to balanced training set. Data re-sampling and loss reweighting are the solutions for
re-balancing data distribution between classes. However, these class re-balance strategies
may bring the impaired representative ability of the learned model, and the corresponding
methods such as bilateral-branch network, and decoupling of the encoder and the classifier
were proposed [44,45]. This research result was followed but the model was not separated,
and the classifier was additionally fine-tuned on the re-sampling labeled training dataset in
this study.

3. Experiments
3.1. Datasets

Experiments were conducted using three retinal fundus image datasets: EyePaCs,
DDR, and Messidor-2. Models were trained using EyePaCS dataset, and the models were
evaluated on each of the three datasets. The datasets have five levels of labels from ‘0" to
‘4’, denoting the severity of DR disease. Re-labeling was performed to make it suitable for
the binary classification task in the study. According to the International Clinical Diabetic
Retinopathy Scale [46], the severity of levels ‘0" and ‘1’ is regarded as non-referable DR
(No-RDR), while another class is referable DR (RDR) consisting of the levels of ‘2’, 3’, and
‘4’. From this point on, No-RDR will be represented as ‘0" and RDR will be represented
as ‘1". EyePaCS provides more than 80,000 fundus photographs of the retina, of which
35,126 images come with labels and the rest are unlabeled data. The total number of labeled
data after pre-processing was 35,039. Model training for supervised and unsupervised
learning was performed using labeled and unlabeled data, respectively. After re-labeling,
the percentages of data samples falling into the categories ‘0" and ‘1" were 80.42% and
19.58%, respectively. The re-labeled EyePaCS dataset for the experiments was divided
into three subsets (i.e., training, validation, and test sets) with a ratio of 70:15:15. The
distribution of data between classes in the training set was continuously imbalanced. This
was thus called the imbalanced training set. By undersampling, we created a balanced
training set between classes. That is, there were 4802 fundus images for each of the two
classes. The split validation and test sets had 4227 and 1029 samples for the majority and
minority class, respectively. However, we re-sampled data in an undersampling manner
to acquire balanced validation and test sets, i.e., the number of examples in the majority
class was reduced to “1029’. The datasets for these descriptions are reported in Table 1.
The other test set from the DDR dataset contained “3380” examples and ‘1690” per category.
Messidor-2 had a total of ‘1748 data samples, of which “1291” belonged to category ‘0’ and
‘457’ to category ‘1. The test datasets from DDR and Messidor-2 are described in Table 2.

Table 1. Imbalanced training, balanced training, validation, and test sets were constructed from
EyePaCS data.

Imbalanced Training Set Balanced Training Set Validation Set  Test Set

Class
Number Percentage Number Percentage Number Number
(%) (%)
0 19,725 80.42 4802 50.0 1029 1029

1 4802 19.58 4802 50.0 1029 1029
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Table 2. Test datasets were constructed from DDR and Messidor-2 data.

DDR Test Set Messidor-2 Test Set
Class
Number Number
0 1690 1291
1 1690 457

3.2. Experimental Setup

DR detection system was implemented on the PyTorch platform, run in a single GPU
(GTX 1080 Ti). The Adam optimizer, which is an algorithm for optimization technique for
gradient descent, was used in most experiments, while the SGD optimizer was adopted in
other experiments, including self-supervised learning and fine-tuning of the classifier. In
most experiments, the initial learning rate was set to 1 x 10~* or 1 x 107>, and the weight
decay rate was set to 1 x 107° or 1 x 10~°. The learning rate was automatically adjusted
according to the losses monitored by the program during training using the cosine decay
schedule. The training process was stopped if the accuracy of the validation dataset did not
increase fivefold. Data were augmented by rotation, flipping, cropping, and were affined
during the training process.

To compare the DR detection performance before and after applying the proposed
method, a baseline was set without resorting to the proposed method. Several different sets
of experiments were performed at the baseline in order to choose the best experimental
result for comparison with the proposed method.

3.3. Experimental Results at Baseline

We first conducted experiments to evaluate the effects of pre-processing. Pre-processing
reduced the training time and improved the model’s performance significantly by in-
creasing accuracy from 59.57% to 68.03%, which shows that the pre-processing method
is effective.

At the baseline, we conducted three sets of experiments: training models from scratch,
transfer learning, and data augmentation. The results of testing models trained from scratch
on the imbalanced training set were poor, with an accuracy of 50.0%, a TPR of 0, and a TNR
of 100. The model could classify two categories without serious biases when training the
model from scratch on the balanced training set. However, it was hard for the model to
converge. We employed ResNet-50 pre-trained on the ImageNet dataset. The model was
initialized with the pre-trained models’ parameters and only trained with the modified
fully connected layer; then, we fine-tuned the whole model. After transfer learning, the
accuracy of the model improved to over 80% using either the imbalanced or balanced
training set. Data augmentation was used to prevent overfitting observed during training.
The models were improved further by data augmentation. The best choice is the use of
the combination of transfer learning and data augmentation; thus, the results from this
combination were regarded as the experimental baseline. The detailed results of three sets
of experiments are reported in Table 3.

Table 3. Experimental results of the baseline.

Dataset Imbalanced Training Set Balanced Training Set
Metrics ACC (%) TPR(%) TNR (%) ACC(%) TPR(%) TNR (%)
Training from scratch 50.0 0.0 100.0 68.03 65.89 70.17
Transfer learning 81.78 68.42 95.14 80.27 75.02 85.52

Data augmentation 82.12 68.03 96.12 81.53 74.05 89.02
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3.4. Experimental Results for the Proposed Method

We trained a model on the unlabeled data (U), and then used the trained model as a
pre-trained model to fine-tune the model on the labeled data (D) with transfer learning,
denoted by F(D). Three sets of experiments were performed to evaluate the proposed
methods of exploiting the unlabeled data for dealing with imbalanced learning. All the
experiments used ResNet-50 as the network backbone.

The first set was trained on unlabeled data using self-supervised learning. After that,
the model was fine-tuned using the learned representations, denoted by T(U)F(D). For the
second experiment, the model was trained using labeled data, denoted by T(D). Then, the
trained model predicted the unlabeled data to generate pseudo labels (D’), denoted by
L(U)—D'. Subsequently, the model was trained on these artificially labeled data, denoted
by T(D'). Finally, the model was fine-tuned on the labeled data. This process can be denoted
by T(D)L(U)—D’ T(D')F(D). The third experiment was a combination of self-supervised
learning and semi-supervised learning. Since the model, which was fine-tuned on the
labeled training set, uses a pre-trained model, which was trained on the unlabeled dataset
utilizing self-supervised learning, T(U)F(D) can also be used to create pseudo labels. The
combined process is denoted by T(U)F(D) L(U)—D’ T(D')F(D). It should be noted that the
fine-tuning of the classifier was added when fine-tuning the model on the imbalanced data
in each set of these experimental processes in order to handle the imbalanced learning
problem. Since re-sampling hinders representation learning, additional fine-tuning of the
classifier, denoted by F(cls), was implemented on the re-balanced sampling of labeled data
after fine-tuning the whole model. The detailed experimental results of the EyePaCS test
dataset for each set are presented in Table 4.

Table 4. Results of experiments performed with the proposed method (compared with the baseline).

Dataset Imbalanced Training Set Balanced Training Set
Metrics ACC(%) TPR(%) TNR(%) ACC(%) TPR(%) TNR (%)
Baseline T(D) 82.12 68.03 96.21 81.53 74.05 89.02
T(U)F(D) 84.50 74.32 95.51 84.60 82.90 86.72
T(U)F(D)F(cls) 85.81 81.84 90.29 - - -
The proposed T(D)L(U)—D’ T(D')F(D) 84.99 78.52 90.38 86.40 82.80 90.90
method T(D)L(U)—D’ T(D')F(D)F(cls) 85.62 80.95 90.28 - - -
T(U)FD)L(U)—D’ T(D)F(D) - - - 86.25 82.60 89.89
T(U)F(D)L(U)—D’ T(D')E(D)F(cls) 86.10 85.13 87.07 - - -

As shown in Table 4, the results of the three sets of experiments using the proposed
method outperformed the ordinary supervised learning baseline. The accuracy was ef-
fectively improved by about 2~4% and 3~5% in the case of learning with imbalanced
and balanced data, respectively. Additional fine-tuning of the model’s classifier on the
re-sampling data helped to increase this by about 1%. Although no significant increase
was observed when annotating unlabeled data with the result of T(U)F(D) compared to the
results obtained from the second set, the combined method made the whole process much
shorter than the experimental process in the second set. Thus, it saved more computational
cost, since only two iterations were needed until no new pseudo labels were generated.
However, when performing the second set of experiments, more than five iterations were
required. Figure 4 is a visualization of the results on a heat map generated using Grad-
CAM [47] for images classified to have diabetic retinopathy. According to the image, it can
be inferred that the bright yellow areas are important, compared to the surroundings, for
the classification of the disease.

3.5. Performance Testing on Other Datasets and Comparison with Previous Results

We evaluated the proposed method with test datasets from DDR and Messidor-2.
The models trained with both imbalanced and balanced EyePaCS training datasets were
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tested using these two additional datasets. Experimental results corresponding to the
DDR and Messidor-2 test datasets are reported in Tables 5 and 6, respectively. The pro-
posed method, which includes three techniques, (T(U)F(D), T(D)L(U)—D’ T(D)F(D), and
T(U)F(D)L(U)—D’ T(D')F(D)), was tested on DDR and Messidor-2 datasets.

Table 5. Experimental results obtained on DDR test set (imb set, the imbalanced training set).

Dataset Imbalanced Training Set Balanced Training Set
Metrics ACC (%) TPR (%) TNR (%)  ACC (%) TPR (%) TNR (%)
T(U)F(D)(F(cls) for imb set) 86.15 83.43 88.88 88.31 83.20 93.43
T(D)L(U)—D’ T(D')F(D)(F(cls) for imb set) 89.2 88.64 89.73 88.76 84.97 92.54
T(U)F(D)L(U)—D’ T(D')F(D)(F(cls) for imb set) 89.50 87.81 91.18 89.62 86.39 92.84

Table 6. Experimental results obtained on Messidor-2 test set (imb set, the imbalanced training set).

Dataset Imbalanced Training Set Balanced Training Set
Metrics ACC (%) TPR (%) TNR (%)  ACC (%) TPR (%) TNR (%)
T(U)F(D)(E(cls) for imb set) 87.30 85.78 87.84 85.81 84.90 86.13
T(D)L(U)—D’ T(D')F(D)(F(cls) for imb set) 90.56 89.28 91.01 87.87 85.78 88.61
T(U)E(D)L(U)—D’ T(D')E(D)(F(cls) for imb set) 90.68 86.0 92.33 88.90 85.78 90.01

We used the test results obtained from the three datasets, EyePaCS, DDR, and Messidor-
2, to compare with other methods. Three studies of recent DR detection for comparison
are those of [13-15]. All these previous studies used the supervised learning baseline. The
authors used a customized CNN model [15], while they used models modified by adding
other modules to state-of-the-art CNN models such as DenseNet, ResNet-50, and Inception
to improve the performance [14,15]. The test of model performance was conducted on
EyePaCS and DDR, and accuracy (ACC) was used as one of the evaluation metrics [13].
Messidor-2 data was used to test the model, and the area under the curve (AUC), sensitivity
(TPR), and specificity (TNR) were used as the evaluation metrics in [14]. Meanwhile,
in [15], tests were performed using EyePaCS data, and the evaluation metrics were ACC,
TPR, and TNR. The results that were reported in [13-15] are shown in Table 7. When
using EyePaCs, [13] and [15] are compared with our proposed method; the best accuracies
reported in [15] and [13] were 75% and 86.18%, respectively, which are lower than ours.
The proposed method greatly outperforms the customized CNN model proposed in [15] in
terms of TPR. CABNet [13], which addresses the imbalanced learning problem by adding a
novel network called category attention block and a module called global attention block
to the CNN model, outperformed their baselines and significantly improved performance.
However, our wrapped approach of utilizing unlabeled data outperforms CABNet on
the DDR test set substantially. In the case of Messidor-2 data, DLGP-DR, the authors
of [14] added a Gaussian process to improve the generality of their model, and reported
performance results of AUC 87.87%, TPR 72.37, and TNR 86.25, which are also significantly
lower than ours.

’

Table 7. Comparison of the proposed method with other previous methods: ‘-’ indicates that no

value was provided for the item.

Dataset EyePaCS DDR Messidor-2
Metrics ACC TPR TNR ACC TPR TNR AUC TPR TNR
(%) (%) (%) (%) (%) (%) (%) (%) (%)
Customized CNN model in [15] 75.0 30.0 95.0 - - - - - -
CABNet in [13] 86.18 - - 78.98 - - - - -
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Dataset EyePaCS DDR Messidor-2
Metrics ACC TPR TNR ACC TPR TNR AuUC TPR TNR
(%) (%) (%) (%) (%) (%) (%) (%) (%)
DLGP-DR in [14] - - - - - - 87.87 72.37 86.25
The proposed method 86.40 82.80 90.90 89.62 86.39 92.84 90.15 89.28 91.01

4. Discussion

Our experimental results demonstrate that the proposed methods effectively deal
with the imbalanced learning challenge, in which the model is absolutely biased towards
the majority class. The methods are not limited by the network used, and can be applied
to different backbone networks as well. The results would be improved if a larger-scale
unlabeled dataset could be collected and used without being limited by the computational
power provided. Nonetheless, the feasibility, effectiveness, and generality of the proposed
methods are indicated experimentally.

The improved performance of the proposed methods in DR detection can be attributed
to the approach of utilizing unlabeled data from the same domain, and to the specific
strategies of dealing with the imbalanced learning issue in the case of training a model
using an imbalanced dataset. The experimental results demonstrate that the sensitivity of
the model can be increased substantially in each of these approaches using the wrapped
self-supervised or semi-supervised algorithm. This means that a model with classification
bias caused by imbalanced data distribution can be re-balanced to give more attention
to the minority class (samples with DR disease), thus, the performance can be improved.
Moreover, another improvement was observed when combining self-supervised learning
with semi-supervised learning; this approach led to a significant reduction in training
time. The effectiveness of this approach is obvious, as the model initially trained with
supervised learning on labeled data certainly did not perform as well as the model that
had been fine-tuned with the help of the pre-trained model, which was trained using
self-supervised learning.

However, self-training using semi-supervised learning is relatively inefficient due to
the iterative process. The semi-supervised learning method still suffers from the imbalanced
dataset problem, which still poses a major challenge for semi-supervised learning, the
current practice of which is to use a fully balanced dataset with reference to their pseudo
labels. This is only feasible in the case where pseudo labels can be generated; what if this is
not possible in practice? In this instance, it is feasible to use self-supervised learning to train
the model first. Therefore, the research of combining semi-supervised and self-supervised
learning is also a novel direction. It is difficult for self-supervised learning to interpret
how to learn the underlying representation. Nonetheless, because of its explicability,
self-supervised learning is said to be the closest Al principle to the way humans see.

It can be seen from the two experimental results for the imbalanced and balanced
datasets that the performance of the model trained on the relatively smaller balanced dataset
was not worse than that of the counterpart, which was the relatively larger imbalanced
dataset. Furthermore, when using the small balanced dataset, there is no need to employ
the additional re-balancing strategy of fine-tuning the classifier; it also saved computational
costs because of its shorter training process. Thus, it raises the following question: why
do we use large imbalanced datasets if there are appropriate ways to make the model
perform as effectively on smaller datasets as it does on larger ones? This indicates that
deep-learning-based CNN models do not necessarily have to use large datasets to achieve
better performance. It is crucial to use a small amount of data to make the model perform
well under the extraordinary difficulty of collecting clean and labeled medical data. If a
model achieves good results on a small dataset, then the model will be much less dependent
on a large amount of labeled data.



Appl. Sci. 2023,13,1901

13 of 15

Both self-supervised learning and semi-supervised learning have the potential to learn
from unlabeled data, and there should be more research in this field in the future. Studies
in self-supervised learning have used interclass balanced benchmark datasets and have
not yet considered the problem of imbalanced learning. Although it is not possible to
categorize features learned from unlabeled data, there is no doubt that the learned features
must be more representative of the majority class if imbalanced datasets are used to train
models through self-supervised learning. Therefore, future research on self-supervised
learning using imbalanced data will be initiated, while there should be improvements for
imbalanced learning in semi-supervised deep learning algorithms. In addition, the DR
diagnostic system not only discerns the presence or absence of symptoms, but also needs to
grade the disease so that patients can understand the status of their illness in more detail,
and thus take appropriate measures.

This study is limited to binary classification. Using self-training semi-supervised
learning, which is not an efficient method, is also one of the limitations of our work. The
current semi-supervised learning method with relatively better performance is the consis-
tency regularization paradigm; however, since it also suffers from imbalanced learning,
models have been restricted to training using balanced datasets. In this study, since we
only focused on the learning problem arising from the use of imbalanced labeled datasets,
only the self-trained method of iteratively generating balanced data using the reference
provided by pseudo labeling was adopted. As can be seen from the data, the quantity of
unlabeled data we used in the work did not reach a hundred times higher than the labeled
data, which was limited by the availability of fundus data and limited computational
resources. This study focused on how to utilize the unlabeled data in the method rather
than improving the performance by the huge amount of data.

5. Conclusions

In this study, the implementation of a deep-learning-based binary classification task
for the presence and absence of diabetic retinopathy using a labeled and imbalanced
dataset is presented. The study focused on how to overcome the learning difficulty of
deep-learning-based models caused by the use of training datasets with interclass imbal-
anced data distribution. The ideas proposed are mainly regarding how to utilize unlabeled
data, the quantity of which is much larger than that of available labeled data, to address
the imbalanced learning issue of modern models and improve their performance. The ap-
proaches used to exploit unlabeled data using self-supervised or semi-supervised learning,
or a combination of self-supervised and semi-supervised learning, are explained in this
paper. For comparison, both class-imbalanced and balanced datasets were compiled and
used to train the models of the CNN. The proposed DR detection system was implemented
and tested.

The proposed methods are explained in principle, and we confirm, through exten-
sive experiments, that they can help supervised learning to improve performance in DR
detection. Moreover, the proposed method is supported experimentally in terms of fea-
sibility, effectiveness, and generality. However, self-training semi-supervised learning,
which was used in the present work, is relatively inefficient due to the iterative process.
Furthermore, this work was limited to diagnosing the presence or absence of DR. Nonethe-
less, researchers can gain some insight from this study on how to use unlabeled data to
optimize learning when the unlabeled data in the domain are available, and the proposed
method can undoubtedly be extended to multiple classifications. Though the proposed
methods achieved good results for the DR detection task, there are still some limitations
regarding its application in clinical practice. However, it can provide some reference for
clinical diagnosis. To better utilize unlabeled data to further improve DR detection, future
work should include addressing the imbalanced learning issue in semi-supervised or even
self-supervised learning, not only to identify DR, but also to develop more reliable DR
grading system.
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