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Artificial intelligence (Al) is now embedded in daily activities and one of the notable applications is Computer-Aided Diagnosis (CAD) fo
medicine, which aids radiologists by providing a second opinion on medical images. Consequently, Al has enhanced the efficiency of disease
diagnoses and alleviated the workload of radiologists. The surge in Al popularity came from the success of deep learning, an algorithm mimicking
human brain functions, enabling it to learn intricate tasks autonomously. However, the medical field is struggling to acquire a large number of labeled
data because the labeling task requires an expert to spend their time annotating to make training data for deep learning, and also, it is difficult to|
collect data due to privacy and ethical issues.

Semi-supervised learning is one of the candidates that can solve the previously mentioned problem. Semi-supervised learning focuses on using 4|
limited number of labeled data and a relatively large number of unlabeled data to improve the performance of Al. One of the well-known|
semi-supervised learning techniques is pseudo-labeling. The aim of pseudo-labeling is to perform the labeling task on the unlabeled data instead of]
elying only on the field experts. In detail, the model is trained with a limited number of labeled data to create an expert model or a teacher model.
Then, the expert model gives “pseudo” labels to unlabeled data. Finally, pseudo-labeled data are added to the original labeled dataset, and the model is
trained again with the newly created dataset. Since there is an assumption that deep learning performs better as the number of data increases, the|
imodel trained with the combination of the pseudo-labeled and the original labeled data should perform better than a model trained with only]
inadequate labeled data.

Pseudo-labeling is a simplistic yet effective method as a semi-supervised learning method. However, there are also many challenges regarding
pseudo-labeling, such as finding the optimal threshold for accepting annotation given for the unlabeled data and the expert model being unable to|
annotate unlabeled data properly due to the lack of labeled data. Another challenge is to address the bias that occurs from the pseudo-labeling process,|
which arises when specific types of traits are in the dataset, and they cause the training bias of the generated model. This problem can be caused by]
various factors, such as an imbalanced dataset, incorrect annotation of pseudo-labeled data, and specific prominent traits when training an expert]
model.

In this dissertation, I focused on designing and enhancing the pseudo-labeling mechanism in the medical image field. I believe that applying
pseudo-labeling to building the CAD model of medical image diagnosis can improve the overall performance by making better use of the unlabeled
data, which are usually discarded since the labeling cost is too expensive. In addition, I also use Chest X-ray images as the target datasets because
X-ray images are the commonly used medical images. The dissertation consists of five chapters.

In the first chapter, I introduce the research background, lay the groundwork, and explain the core concept regarding pseudo-labeling and medical
images.

In the second chapter, the first proposed method, “Object detection using deep learning with pseudo-labeling on X-ray pneumonia disease areq
detection,” is presented. In this chapter, the concept of pseudo-labeling is applied to the object detection task, where the study's goal is to locate the
disease area and the disease class simultaneously. First, I briefly introduce the fundamentals regarding object detection, such as the well-known|
architectures and evaluation criteria. Then, I introduce an iterative pseudo-labeling mechanism to improve the stability of the detection performance.
In detail, the pseudo-labeled data are gradually generated, and the detection model is also gradually trained with the combination of labeled and
pseudo-labeled data. If we train the detection model only once after obtaining all the pseudo-labeled data, the incorrectly labeled pseudo-labeled datal
may deteriorate the model; thus, the implementation of an iterative process (gradual training) is adopted.

In the third chapter, I changed the topic from object detection to classification. In this chapter, “Disease classification using deep learning with
pseudo-labeling Disease Classification,” I propose a pseudo-labeling for classification framework that uses two different deep learning architectures,
namely convolutional neural network (CNN) and vision transformer (ViT), and also incorporates another semi-supervised learning technique called
consistency regularization. The core concept of consistency regularization is that in order for pseudo-labeled data to be reliable to include the training
dataset, the prediction results obtained by both CNN and ViT must be the same. In addition, the robustness of the pseudo-labeling mechanism is|

ealized by applying data augmentation. A detailed explanation of each architecture and the concept of consistency regularization is also provided in|
this chapter, as well as the experimental results implemented on COVID-19 chest X-ray images.

In the fourth chapter, I proposed an enhanced pseudo-labeling framework using ensemble learning. While ensemble has been a common technique]
applied to any machine learning techniques, in pseudo-labeling, I show the effectiveness of the pseudo-labeling mechanism. Ensemble learning can|
solve the problem of models trained with pseudo-labeled data tending to be biased toward specific latent features in pseudo-labeled data. In addition, [
design ensemble methods for solving object detection tasks and classification tasks, respectively, considering the characteristics of each task.

I finished this dissertation with conclusions in the last chapter of the study. I concluded and summarized the findings, the significance of the studie
land limitations. I also suggest further research and potential that could be achieved by the pseudo-labeling in the medical field.
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