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Abstract

Training deep neural network is costly due to high computation cost and lack of
large dataset. To mitigate this issue, numerous learning methods, such as transfer
learning and meta-learning, were found in academia. This project compares these
recently discovered learning methods on classification task of NIH Chest X-rays
dataset. According to experiments performed within this project, utilizing transfer
learning and advanced meta-learning, such as non-parametric MAML, on small
dataset may increase performance, but it is difficult to alleviate the decrease in
performance caused by decrease in dataset size and to produce performance that is
on par with the large dataset.

1 Introduction

Most of recent industrial problems in applying deep learning comes from data. With advent of neural
network, potential benefits of machine learning have been proven both in industry and academia,
but many companies still struggle to apply this new technology due to data problem. Not only the
companies do not possess enough data that pertains to specific tasks they desire to solve, but also
there are high financial and time costs involved in collecting and training with large dataset.

As a result, recent trends in deep learning have been learning methods that demonstrates high
performance with a small dataset. Especially, transfer learning and meta-learning have shown
competent performance with a small dataset of under 10,000 items in numerous tasks.

For this project, we analyze performances of different learning methods, ranging from traditional
convolutional networks to meta-learning, in classifying diseases in chest X-ray images. By analyzing
models’ performance, we explore their potential implications in solving tasks with small dataset.

2 Related Work

2.1 Transfer Learning for COVID-19 Detection

Basu et al. (1) invents Domain Extension Transfer Learning (DETL) which leverages a model
pre-trained on NIH Chest X-rays (2) to classify COVID-19 on chest X-rays. DETL pre-processes
NIH Chest X-rays dataset by relabeling X-rays to two classes, normal and disease, and pre-trains
models pre-trained on different architectures, including AlexNet, VGGNet, and ResNet. Then, it
constructs a second dataset with four classes, normal, other disease, pneumonia, and Covid-19,
from multiple datasets, including NIH Chest X-rays dataset,and compares the pre-trained models’
performance. The models achieve 82.98%, 90.13%, and 85.98% accuracy with AlexNet, VGGNet,
and ResNet respectively, and such performance is promising given that NIH Chest X-rays dataset has
labeling accuracy of >90%.

Nevertheless, there are two shortcomings of Basu et al. (1): amalgamation of disease classes and
simplicity of evaluation metric. Among NIH Chest X-rays dataset, images with pneumonia class
account for only 1.2% of the dataset, and images with COVID-19 class account for less than 5% of the
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entire datasets. Therefore, whether DETL’s overall accuracy of 90.13% has implications for potential
practicality is unknown. Also, the evaluation metric it uses, accuracy, seems to be impractical in real
world, where classifying diseases as normal is detrimental.

2.2 Meta Learning for ORBIT

Unlike Basu et al. (1), Massiceti et al. (3) takes a different approach by utilizing meta learning on
small dataset. It compares performance of ProtoNets (5), CNAPs (6), MAML (7), and FineTuner (8)
on ORBIT (4) dataset. The paper does a good job in comparing different types of learning algorithms
(multi-task learning, optimization-based learning, and non-parametric learning) and providing clear
evaluation metrics which are measured on two different types of videos, clean videos and clutter
videos. The difference between clean videos and clutter videos is that the former contains objects
with more clear background.

However, the best performance described in the work falls short of meeting real world application
standard. For clean videos, MAML achieves only 70.58% frame accuracy, and for clutter videos,
FineTuner achieves only 53.73% frame accuracy. Also, there seems to lack clear baseline methodol-
ogy which indicates how well the model is performing compared to previous approaches utilizing
large dataset.

3 Dataset and Features

For dataset, we use NIH Chest X-rays (2). The dataset consists of 112; 121 chest X-ray images in
1024 � 1024 � 1 dimension, each of which has meta data, including disease types, age, gender,
relevant box position. As we endeavor to compare performance of each model, we formulate our
objective as a classification task and constraint usage of the dataset to only images and corresponding
disease types.

Also, for the purpose of our project, we use images with a single disease type that are labeled as
No Finding, Cardiomegaly, Pneumothorax, Consolidation, Edema, or Pneumonia. As we endeavor
to solve a classification task, not multi-class classification, we discard data with multiple disease
types. Number of X-ray images with no disease, labeled as No Finding, are down-scaled with same
proportion, because they are the majority, > 50%, of the dataset and might cause false analysis by
introducing dissimilarity in distribution compared to real world data. In addition, since the chest
X-ray images are resized to 64 � 64 dimension for faster training iterations, we select a couple
disease types that are still detectable with naked eyes of medical professionals to mitigate the issue
of information loss from lower resolution. For instance, as shown in Figure 1, the selected disease
types are generally easier to detect even in low resolution. The resulting dataset contains total 41; 029
images.

Figure 1: From left to right, X-ray images of 3 diseases that are easier to detect and 3 diseases that
are harder to detect with naked human eyes (Pneumonia, Cardiomegaly, Pneumothorax, Emphysema,
Fibrosis, Mass)

For the purpose of our project, the model is evaluated on small partial dataset. Models trained with
the full dataset act as a baseline while models trained with the partial dataset represent difficulties of
training with small dataset. The partial dataset is balanced and consists of 1200 images of selected
diseases where number of samples for each class is equal.
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