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Abstract

Artificial intelligence (AI) has become an essential tool in medical data analysis. This dissertation

presents new AI methods for medical data analysis, focusing on improving classification and prediction

tasks. The dissertation is divided into three projects, and the first two are dealing with medical image

classification problems. Unlike natural image datasets, the class labels in medical image datasets are usually

severely imbalanced and with limited sample sizes subject to the availability of patients, and aggregating

medical images from multiple sources can be challenging due to policy restrictions, privacy concerns,

communication costs, and data heterogeneity caused by equipment differences and labeling discrepancies.

Further, medical image classes are often highly overlapped. In the first project of this dissertation, we

propose to address the imbalanced data and communication issues with the help of transfer learning and

artificial samples created by generative models. Instead of requesting medical images from source data, our

method only needs a parsimonious supplement of model parameters pre-trained on the source data. The

second project introduces an augmented tensor factor model to address the challenge of overlapping issues

in image classification. Our model combines samples from multiple classes and decomposes the tensor

data into a pervasive component that shares the same pattern across classes and a specific component

that varies from class to class. Finally, the third project studies statistical and machine learning models

for COVID-19 mortality prediction, where the proposed SARIMAX model with exogenous hospital



information variables improves prediction accuracy and outperformed most of the models from the CDC.

This dissertation presents new insights and solutions to important problems in medical data analysis,

highlighting the potential of artificial intelligence in healthcare applications.

Index words: Deep learning, Transfer learning, GAN, Tensor factor models, COVID-19,

Medical imaging
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Chapter 1

Introduction

1.1 Medical Data Digitalization

The advancement of information technology has brought about significant changes in various aspects of

human life, particularly in the healthcare sector (Aceto et al., 2020; L. Wang and Alexander, 2015). One

of the most notable outcomes is the exponential growth of data, driven by the improvement of storage

capacity and the widespread adoption of digital technologies (Baig et al., 2019; Bhat, 2018). In recent

years, medical data has seen a significant increase, mainly due to the growth of Electronic Health Records

(EHRs), wearable devices, telemedicine, and clinical trials (Kindle et al., 2019; Mayo et al., 2017; M. Wu

and Luo, 2019; P.-Y. Wu et al., 2016). Among these, EHRs, digital versions of traditional paper-based

medical records, have played a crucial role in driving this growth by transforming the way healthcare

providers store and access patient information, resulting in a marked increase in the volume of available

medical data (Watson, 2016).

The digitization of medical data has significantly changed how healthcare providers and researchers

approach patient care and medical research (Duggal et al., 2018). EHRs offer a comprehensive view of

a patient’s medical history, including test results, diagnoses, and treatment plans, allowing healthcare

providers to make more informed treatment decisions, ultimately improving patient health outcomes

(Burton et al., 2004). The benefits of digitalization extend to medical imaging as well, as digital medical
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imaging allows for the efficient storage, analysis, and sharing of images. Researchers can now analyze

large amounts of data, leading to new insights and understanding of various medical conditions, such

as cancer, heart disease, and neurological disorders (Houssein et al., 2021; Noor et al., 2020; Ribeiro et

al., 2022). Furthermore, digital medical data has allowed public health organizations to monitor and

manage population health. For instance, digital contact tracing apps, which use Bluetooth technology,

enable public health organizations to trace close contacts between individuals who have tested positive for

COVID-19, providing crucial information for quickly identifying and isolating new cases, and slowing

the spread of the virus. Healthcare providers also have the ability to quickly access and share information

about patients who have tested positive for COVID-19 (Alsunaidi et al., 2021; Mbunge et al., 2021).

Medical data analysis has gained significant importance in recent years due to the exponential growth

in the volume and complexity of medical data and the advancement in algorithms and analytics techniques

(Raghupathi and Raghupathi, 2014; Y. Wang et al., 2018). The healthcare industry has adopted the use

of Artificial Intelligence (AI) to analyze historical and current medical data, extract valuable insights, and

develop new diagnostic tools and treatments (Shaheen, 2021; Yu et al., 2018). The sheer volume and

complexity of medical data pose a major challenge for human experts to analyze and draw meaningful

insights effectively. However, AI algorithms have demonstrated remarkable efficacy in processing and

analyzing vast amounts of data accurately and at a much faster pace, thereby enabling quicker and more

effective decision-making. The integration of AI in medical data analysis has the potential to revolutionize

the healthcare industry (Davenport and Kalakota, 2019).

1.2 Artificial Intelligence

Artificial Intelligence (AI) is a rapidly developing field of technology that mimics human cognitive abilities

through learning from large datasets. AI systems utilize algorithms to extract insights, make predictions,

and self-correct based on feedback (Copeland, 2022). This technology has been widely adopted in a variety

of fields, including social media personalized news feeds, voice-to-text conversion on smartphones, face

recognition in cameras, grammar and spelling checks on computers, fraud detection in finance, and e-
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commerce product searches (Choi et al., 2018; Dhieb et al., 2020; Gayed et al., 2022; Kozyreva et al., 2020;

Pallathadka et al., 2021; Smith and Miller, 2022).

AI systems consist of three core elements: artificial intelligence, machine learning, and deep learning,

as shown in Figure 1.1. Machine learning is a subset of AI that integrates computer science and statist-

ics, enabling computers to learn by training models with data. The learning process of these machine

learning algorithms can be broadly classified into four categories: supervised learning, unsupervised learn-

ing, semi-supervised learning, and reinforcement learning (Rong et al., 2020). In supervised learning,

the machine is trained on labeled data to infer a function mapping inputs to outputs. In unsupervised

learning, the machine is trained on unlabeled data to predict outputs by identifying patterns in the input

data. Semi-supervised learning combines both labeled and unlabeled data to build a prediction model. In

reinforcement learning, the machine interacts with an environment to maximize rewards and minimize

punishments, using feedback from its actions and experiences. The choice of learning category depends

on the specific task and the nature of the data, and each category has its own strengths and limitations.

This dissertation focuses on supervised learning, which can be further divided into regression and clas-

sification problems. Both regression and classification problems aim to construct a model that predicts

the value of the output variable based on the input variables. The difference between the two is that the

output variable is numerical in regression and categorical in classification.

Deep learning is a powerful subset of machine learning that draws inspiration from the information-

processing patterns in the human brain (Litjens et al., 2017). The defining characteristic of deep learning

that sets it apart from traditional machine learning is its ability to automatically learn hierarchical repres-

entations of data from massive training data without manual feature engineering (Janiesch et al., 2021).

This makes deep learning particularly effective for high-dimensional and complex tasks, such as image

recognition (Fujiyoshi et al., 2019; Islam et al., 2018; Y. Li, 2022), natural language processing (Le Glaz et al.,

2021; Otter et al., 2020; L. Wu et al., 2023), and speech recognition (Mukhamadiyev et al., 2022; Nassif

et al., 2019; Z. Zhang et al., 2018). There are several types of deep learning models, including artificial

neural networks (ANNs), convolutional neural networks (CNNs), recurrent neural networks (RNNs),

3



and generative models. ANNs, also known as feedforward neural networks, are the simplest deep learning

model and are used for simple classification problems (Saikia et al., 2020). CNNs are designed specifically

for image and video recognition tasks (Chauhan et al., 2018; Hu et al., 2019). RNNs are used for sequential

data processing, where the order of the data matters, such as speech or text (Ahmed et al., 2022; T. Kumar

et al., 2022). Generative models are used to create new data similar to the training data and are useful for

tasks such as image synthesis, text generation, and music composition (Louie et al., 2022; Sarkar et al.,

2021; Shahriar, 2022).

Artificial 
Intelligence

Machine 
Learning

Deep
Learning

Figure 1.1: Artificial Intelligence, Machine Learning, Deep Learning.

1.3 Artificial Intelligence in Medical Data Analysis

The integration of AI in medical data analysis has been growing in recent years due to its efficiency in

processing and analyzing large amounts of data. Although it is widely believed that AI will not completely

replace healthcare professionals, studies have shown that AI can perform tasks such as cancer screenings
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and disease diagnoses with the same accuracy or even better than human performance (Miller and Brown,

2018; Yu et al., 2018). The current state of the healthcare industry is facing challenges, including a shortage

of skilled professionals, rising costs, and an aging population, putting a strain on healthcare professionals

and increasing the risk of misdiagnosis (Drennan and Ross, 2019; Rother, 2017; Rowe et al., 2016). Ad-

vances in computer science and computing power have made it possible for AI to improve patient care

through more accurate diagnoses, personalized treatment, preventive measures, patient monitoring, and

cost reduction (Fujita, 2020; Jeddi and Bohr, 2020; Johnson et al., 2021).

AI has numerous applications in healthcare, one of which is its ability to analyze medical images

such as Computed Tomography (CT) scans, Magnetic Resonance Imaging (MRI) scans, and X-rays

to identify diseases and anomalies with accuracy (Çallı et al., 2021; Y. Chen et al., 2022; Gozes et al.,

2020). Furthermore, AI can aid healthcare professionals in making faster and more accurate diagnoses

by analyzing large amounts of patient data (Lauritsen et al., 2020; Lin et al., 2020). The automation

of tasks like appointment scheduling, medical coding, and insurance claims processing through AI can

provide healthcare professionals with more time to focus on delivering high-quality patient care (Ala and

Chen, 2022; N. Kumar et al., 2019; Teng et al., 2020). Additionally, AI can predict disease patterns and

epidemiology, aiding in pandemic control (A. Kumar et al., 2020; Vaishya et al., 2020).

AI can benefit not only healthcare professionals but also patients. The use of telemedicine and re-

lated applications, which collect data from wearable sensors and serve as inquiry systems, has become

increasingly popular. These AI systems can be designed for speech recognition and oral or text commu-

nication (Fadhil, 2018; Pieczynski et al., 2021). They can provide treatment recommendations or direct

the information to healthcare professionals.

However, it is essential to acknowledge that there are several limitations to the implementation of

AI in healthcare, including data privacy, data integration, and ethical considerations, among others (Bar-

toletti, 2019; Dubovitskaya et al., 2019). Data privacy is critical in the healthcare industry as sensitive

personal information, such as medical histories and genetic information, must be protected. The use of

AI in healthcare requires large amounts of data to train algorithms, which can lead to privacy violations
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if proper security measures are not in place. Additionally, integrating data from multiple sources, such

as hospitals, clinics, and wearable devices, presents challenges and requires robust data management sys-

tems (De Giacomo et al., 2007; P.-Y. Wu et al., 2016). Furthermore, the accuracy and reliability of AI

algorithms must be thoroughly evaluated to avoid errors in diagnosis or treatment, which can have severe

consequences for patients. Ethical considerations, such as bias and transparency, must also be addressed

to ensure the responsible and equitable use of AI (Holmes et al., 2021).

1.4 Organization of Dissertation

This dissertation presents three projects that focus on developing new methods of artificial intelligence

and their applications in medical data analysis.

The first project, presented in Chapter 3, introduces a privacy preserving and communication efficient

information enhancement procedure for medical image classification. The proposed approach tackles

the challenges of integrating data and protecting privacy that arises in the application of AI in medical

analysis. The lack of a consistent data management system can hinder the augmentation of medical

image datasets from multiple sources, and direct access to medical images from external sources such as

hospitals or healthcare institutions can pose privacy and communication risks. Additionally, the available

training images may be limited and have imbalanced label issues, making it challenging to train deep CNN

models. To overcome these limitations, the proposed method combines transfer learning and artificial

sampling from generative models, resulting in a method that improves the performance of deep CNN-

based classification models while ensuring the privacy of patients’ data. This is demonstrated through an

application for pediatric pneumonia detection using chest X-rays.

The second project, presented in Chapter 4, proposes a new tensor factor model for improving image

classification. The model is designed to handle the challenge of overlapping in image classification, where

only a small portion of the image contains information specific to a class and the rest of the image is

dominated by noise. The proposed method decomposes the tensor data into two components: a pervasive

component that is common across all classes, and a specific component that varies from class to class. The
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pervasive component is modeled using a low-rank latent tensor factor and a few factor loading matrices,

estimated through principal component analysis. The proposed tensor factor model has been shown to

be effective through both synthetic experiments and an application to COVID-19 pneumonia diagnosis

from chest X-ray images.

The third project, presented in Chapter 5, explores the use of machine learning methods for forecasting

daily deaths caused by COVID-19 in the United States. The proposed models incorporate exogenous

medical information-related variables, such as COVID-19 hospitalizations and the number vaccinated, to

enhance their prediction performance. By combining information from lagged variables and exogenous

medical variables, the proposed models have the potential to improve prediction accuracy and aid in

monitoring the spread of the virus.

Chapter 2 provides a comprehensive review of the relevant research background and literature in

the fields of artificial intelligence. It covers the key concepts, theories, and methods related to the three

projects and provides a foundation for the research presented in the following chapters. Finally, Chapter 6

provides a conclusion and discussion of the key findings and contributions of the three projects presented

in this dissertation.
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Chapter 2

Research Background and

Literature Review

In this chapter, we will provide a comprehensive overview of the core concepts of machine learning,

starting with an introduction to two of the most important types of neural networks: artificial neural

networks and convolutional neural networks. We will delve into the fundamental building blocks of

these networks, including activation functions, forward and backward propagation, and regularization.

This will help readers to understand how these neural networks work and their respective strengths and

weaknesses. In the second part of this chapter, we will introduce the tensor factor model, a powerful

tool for decomposing high-dimensional data. Specifically, we will discuss three tensor factorization tech-

niques: principal component analysis (PCA), CP decomposition, and Tucker decomposition. We will

explain how these techniques can be used to analyze complex datasets and extract meaningful information.

Overall, this chapter lays a solid foundation for understanding the core concepts of neural networks and

tensor factorization. This knowledge will be crucial for understanding the subsequent chapters of this

dissertation.
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2.1 Neural Networks

Neural Networks (NNs) are a subcategory of machine learning algorithms inspired by the structure and

function of the human brain in processing data and creating patterns. They consist of multiple layers and

are designed to capture and model complex patterns of large-scale data (Voulodimos et al., 2018). NNs

have been proven to be a powerful learning method with widespread applications in many fields, such

as natural language processing (Goldberg, 2016, 2017), speech recognition (Deng et al., 2013; Nassif et al.,

2019), and image processing (Kasar et al., 2016; Naranjo-Torres et al., 2020). Several types of NNs have

been created to address different problems, including Artificial Neural Networks, Convolutional Neural

Networks, and Generative Adversarial Networks.

2.1.1 Artificial Neural Network

Artificial Neural Network (ANN) is a specific type of neural work that utilizes artificial intelligence meth-

ods. They are designed to use a layered structure to simulate the behavior of biological neurons in the

human brain, a simple example shown in Figure 2.1. Such an architecture consists of three key compon-

ents: (1) a single input layer, which receives the input data and passes it on to the next layer in the network.

For example, if feed a grayscale image of size 8× 8 into the network, the input layer should have 64 nodes,

corresponding to the 64 pixels; (2) a single output layer, which produces the final prediction based on the

processed input data. According to the task requirement, it can output numerical values (Specht et al.,

1991), class labels (Dreiseitl and Ohno-Machado, 2002), or both (Xu et al., 2019); (3) one or more hidden

layers, which process and transform the input data, allowing the network to learn complex relationships

between the inputs and outputs.

In an ANN, each layer is composed of several neurons. These neurons are connected to each neuron

in the neighboring layers and can receive inputs from multiple stimuli. Every neuron in an ANN has two

key components that determine its functionality: a linear function and a non-linear activation function.

The linear function is defined by two parameters, weights wi and bias b. Weights are values that control
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Figure 2.1: Artificial Neural Network architecture example with two hidden layers.

the strength of the connection between two neurons, while bias is a constant that is added to the weighted

input before the activation function is applied. The activation function then non-linearly transforms the

weighted and biased input to produce the output of the neuron. In other words, the output of a neuron

can be formulated as follows:

f (xi, wi, b) = φ

(
n∑

i=1

(wi × xi) + b

)
,

where xi is the ith input, wi is the ith weight of the neuron, b is the bias, φ is the activation function and

n is the number of inputs. The central idea behind this is to extract linear combinations of the inputs as

derived features and then model the target as a nonlinear function of these features (Hastie et al., 2009).

Doing so can increase the expressiveness and flexibility of the model and enables the model to capture

more complex relationships between the inputs and the target.
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Activation Functions

The activation function is a critical factor in determining the behavior of neurons in an ANN. It determ-

ines the activation status of a neuron based on the inputs received. As per the findings of Ramachandran et

al., 2017, the choice of activation function can significantly impact the training efficiency and convergence

characteristics of the neural network. Hence, the activation function is regarded as a hyperparameter that

can be adjusted to enhance the modeling accuracy.

The activation functions of interest for this dissertation (Figure 2.2) are as follows:

• Sigmoid Function

σ(x) =
1

1 + exp(−x)
,

which maps real-valued numbers to values within the range of [0, 1]. This function is widely used

in binary classification problems to estimate the likelihood of a specific event occurring. However,

one of the major drawbacks of the sigmoid function is that it can cause the gradient to vanish. As

the input values move away from zero, the gradient of the sigmoid function becomes increasingly

small, making it difficult for the model to update its weights during training. This can slow down

or hinder the convergence of the model.

• Tanh Function

σ(x) = tanh(x),

transforms any real number into a value within the range of [−1, 1]. This function has similarities

with the Sigmoid activation function, but its output is centered around zero. The advantage of

using the Tanh function over the Sigmoid function is that it prevents the issue of vanishing gradients,

as the derivative of the Tanh function always remains between −1 and 1.

• Rectified Linear Unit (ReLU) (Nair and Hinton, 2010)

σ(x) = max(x, 0),
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(a) (b)

(c) (d)

Figure 2.2: Non-linear activation functions: (a) Sigmoid; (b) Tanh (Hyperbolic Tangent); (c) ReLU (Rectified
Linear Unit); (d) Leaky ReLU.

which is currently one of the most popular activations and is particularly popular for use in the hid-

den units of deep neural networks. This is due to its ability to reduce complexity and computational

time. Additionally, the derivative of a sigmoid function at the tail ends of its domain becomes un-

reliable as it flattens. In contrast, the ReLU activation always provides a strong direction of change,

making it a more effective choice than the sigmoid function.

• Leaky ReLU (Maas et al., 2013)

σ(x) =


x x ≥ 0

αx x < 0

,

which is an extended version of the ReLU activation function and addresses the issue of "dying

ReLU". Unlike ReLU, which sets all negative inputs to zero, Leaky ReLU assigns a slight negative

slope to negative inputs. This helps ensure that the activation function never becomes completely
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inactive, even for negative inputs. The "dying ReLU" problem occurs when the activation function

in ReLU gets stuck at zero, leading to dead neurons that no longer respond to inputs. By assigning

a small negative slope to negative inputs, Leaky ReLU helps address this problem, making it a more

robust activation function.

• SoftMax Function

σ (xj) =
exj∑k
i=1 e

xi

,

which is a common choice for the final layer of a neural network in multi-class classification prob-

lems. It transforms the outputs from the last layer of neurons into a probability distribution across

all classes, allowing the model to make predictions about the likelihood of each class. By doing

so, the softmax activation helps to provide a clear and interpretable representation of the model’s

confidence in each class.

Forward and Backward Propagation

The process of forward propagation in neural networks is a method for calculating the output of a net-

work for a given input (Deng, Yu et al., 2014). It involves passing the input through each layer of neurons,

determining the result of each neuron, and finally determining the final output. To evaluate the perform-

ance of the model, the final output is compared to the actual output using a loss function, which measures

the difference between the predicted and actual output. The form of the loss function is dependent on

the activation function chosen for the network. For example, in a binary classification problem with a

sigmoid activation function in the last fully connected layer, the binary cross-entropy loss function would

be used.

Neural networks update their weights through learning algorithms in order to minimize the loss

function. Backpropagation (Hecht-Nielsen, 1992) is a widely used learning algorithm that computes the

gradient of the loss function with respect to the network’s weights using the chain rule. Backpropagation

starts at the final output and moves backward through the network, updating the weights in each layer

in order to minimize the loss. The optimization process is usually performed using a gradient-based
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optimizer, such as Stochastic Gradient Descent (SGD), Root Mean Square Propagation (RMSprop), and

Adaptive Moment Estimation (Adam) (Graves, 2013; Kingma and Ba, 2017; Ruder, 2016).

Regularization

Deep neural networks often suffer from overparameterization, where the number of parameters in the

model is much larger than the size of the training dataset. This can result in overfitting, where the model

becomes excessively complex and focuses on memorizing the training set, including any noise and outliers,

rather than learning the general patterns. This leads to poor generalization performance, as the model is

unable to make accurate predictions on new, unseen data. To address this challenge, various regularization

techniques are commonly used during the training process to control the model’s complexity and prevent

overfitting.

• Weight Regularization: Implement a penalty term in the loss function to prevent the weights and

biases of the network from becoming too far from zero. This is commonly achieved through L2

regularization, which is the most widely used form of weight regularization.

• Dropout: This technique involves randomly disregarding or dropping out a predefined portion of

neurons during each forward pass of the training process. This forces the network to learn multiple

independent representations of the same data, reducing overfitting and improving generalization.

• Batch Normalization: This technique normalizes the activations of each layer in the network, redu-

cing the internal covariate shift and making the optimization problem more manageable and easier

to solve. This can help prevent overfitting by stabilizing the distribution of activations in each layer.

• Early Stopping: The technique involves monitoring the performance of the model on a validation

set, which is a separate dataset used to evaluate its generalization capabilities. The training process

should be stopped when the performance on the validation set stops improving. This helps prevent

overfitting by avoiding the scenario where the model continues to learn the noise present in the

training set.

14



• Data Augmentation: The size of the training set can be artificially increased by generating new,

transformed versions of existing data. This helps the model learn a more robust representation of

the data, reducing the risk of overfitting.

• Transfer learning: This technique utilizes the advantages of a pre-trained model by fine-tuning

it for a new task. The pre-trained model serves as a solid foundation, as it has already acquired a

general understanding of features from a substantial amount of data, thereby reducing the risk of

overfitting.

2.1.2 Convolutional Neural Network

Convolutional Neural Networks (CNNs) are a type of Neural Network architecture that is specifically

designed for image and video data processing. Their popularity in the fields of Machine Learning and

Computer Vision has been greatly influenced by the pioneering work of Krizhevsky et al., 2012b, which

demonstrated exceptional performance in image classification on the ImageNet dataset (Russakovsky

et al., 2015).

255 255 255 255 255 255 255

255 255 0 0 0 255 255

255 255 0 0 0 255 255

255 255 0 0 0 255 255

255 255 255 255 255 255 255

255 255 255 255 255 255 255

255 255 255 255 255 255 255

(a) (b)

Figure 2.3: Example of grid-like data processed by Convolutional Neural Network: (a)7×7 single-channel grayscale
image of a square figure; (b) 2-way tensor representation of the image with pixel brightness values.
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The idea behind the inception of CNNs was to emulate the functionality of the visual cortex in cats, as

described by LeCun et al., 1998, which is composed of layers of simple and complex cells that progressively

extract more complex features from an image as it is processed (Hubel and Wiesel, 1968). As a result, the

architecture of CNNs consists of convolutional layers, which perform simple operations, and pooling

layers, which detect complex features. These networks are trained through a series of operations to learn

hierarchical representations of the input data automatically, making them highly suitable for processing

grid-like data with structural information, such as 1D audio signals, 2D images, and 3D videos (Aleshin-

Guendel and Alvarez, 2017). In Figure 2.3, an instance of such grid-like data is presented. The illustration

on the left displays a single-channel grayscale image, consisting of a square shape, with each cell in the grid

representing a single pixel. The corresponding brightness values for each pixel are depicted in the number

grid on the right, where each pixel’s brightness is quantified using a numerical value that ranges from 0,

representing no color, to 255, representing full saturation.

The fundamental components of a CNN consist of three types of layers, which are convolutional

layers, pooling layers, and fully connected layers.

4 9 2 5 8 3

0 6 2 4 0 3

2 4 5 4 5 2

5 6 5 4 7 8

5 7 7 9 2 1

5 8 5 3 8 4

Input

1 0 -1

1 0 -1

1 0 -1

*

Kernel

=
2 6

Output

Figure 2.4: Convolution operation with a 3× 3 kernel on a 6× 6 input, resulting in a 4× 4 output.

Convolutional Layer

Convolutional layers are essential building blocks of convolutional neural networks (CNNs), aimed at

extracting salient features from input images. These layers employ filters, or kernels, designed to learn local
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patterns, edges, shapes, and textures within the input image. Convolution operations involve sliding the

kernel matrix over the input matrix, performing element-wise matrix multiplication at each location, and

then summing up the results on a feature map. The resulting features capture the unique characteristics

of the input image, enabling the network to make accurate predictions.

Figure 2.4 illustrates a basic convolutional operation wherein a 6× 6 input matrix is convolved with a

3×3kernel using a stride of 1, resulting in a4×4output feature map. The stride, which is a hyperparameter,

determines the number of pixels a filter moves across the input matrix during a convolution operation.

By adjusting the stride, the spatial dimensions of the output feature map can be controlled, reducing

computational cost and regulating the overlap between adjacent receptive fields. By fine-tuning the size

and number of kernels, various features can be extracted from input data, allowing the CNN to extract

relevant features essential for its performance in different applications.

As depicted in Figure 2.4, convolutional operations lead to a reduction in the height and width of the

output feature map relative to the input. This size reduction poses a challenge when applying multiple

convolutional layers as the feature maps progressively decrease in size. The reduction in feature maps’ size

can make it difficult to extract features effectively from deep convolutional architectures. Additionally,

the center of the kernel never overlaps with the outermost pixels of the input matrix. To address these

challenges, some convolutional layers incorporate padding, which involves adding zero values to the edges

of the input matrix. This method preserves the spatial dimensions of the input, retaining information at

the edges to enhance feature extraction. For example, consider a 5× 5 input image and a 3× 3 filter. If

a stride of 1 is applied and a fully padded convolution is used, 1 row and 1 column of zeros will be added

to the input image, resulting in a 7× 7 image. The filter is then convolved with the input image in a way

that maintains the spatial dimensions of the input image in the output feature map.

In some cases, it may be necessary to expand the output size relative to the input. Transposed convolu-

tions are a type of convolutional operation that can increase the dimensions of the input tensor by using

a kernel with a larger receptive field and padding the output to maintain the desired dimensions. This

technique has been successfully employed in deep learning architectures, such as Generative Adversarial
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Figure 2.5: Transposed convolution operation with a 3× 3 kernel on a 4× 4 input, resulting in a 6× 6 output.

Networks (GANs), to generate high-resolution images from low-resolution inputs (Goodfellow et al.,

2014). Figure 2.5 presents an example of a transposed convolution operation.

Pooling Layer

The feature map output of a convolutional layer precisely records the position of input features, making the

model sensitive to minor changes in input images. This property can lead to overfitting, and the resulting

models may fail to generalize to new data. To address this issue, pooling layers are typically inserted

after the nonlinearity layer. These layers reduce the spatial dimensions of the feature maps, leading to

spatial invariance while preserving essential features. There are various pooling techniques, including max,

average, and sum pooling, among others. Max pooling is the most common approach, which extracts

the maximum activation value from each distinct region of the feature map. Pooling layers improve the

computational efficiency of CNNs by reducing the number of parameters and the computational cost,

while also controlling overfitting and improving the model’s generalization capability. Figure 2.6 illustrates

instances of two common pooling techniques: max pooling and average pooling.
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Figure 2.6: Example of a 2× 2 (a) max pooling and (b) average pooling layer on a 4× 4 feature map with stride 2.

Fully Connected Layer

The final stage of the CNN architecture, fully connected layers, is crucial for accurately predicting the

class of an input image. These layers are also referred to as dense layers and are typically placed after several

convolutional and pooling layers. They play a vital role in classifying the extracted features of the input

image by transforming the output of previous layers into a probability vector that represents the likelihood

of each potential class. The input to the fully connected layer is usually the output of the last pooling layer,

and the number of neurons in this layer determines the number of features that the CNN can recognize

and classify. However, the large number of parameters in fully connected layers can result in overfitting

to the training data. To overcome this problem, dropout regularization is commonly utilized in fully

connected layers, where a percentage of the neurons is randomly dropped during training.
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2.2 Tensor Factor Models

The tensor factor model (TFM) is a statistical framework that has been developed to address the challenges

of analyzing high-dimensional data that are represented as tensors. Tensors are a generalization of matrices

that can contain any number of dimensions, allowing for a more flexible and expressive representation of

complex relationships between variables. TFM is grounded on the premise that the observed tensor can

be decomposed into a product of lower-dimensional tensors or matrices that are explicitly designed to

capture the underlying structure of the data (Kolda and Bader, 2009). This approach provides a powerful

tool for exploring hidden patterns and relationships that may be present in high-dimensional data, by

utilizing a structured decomposition of the tensor into its constituent factors (Bacciu and Mandic, 2020).

By reducing the dimensionality of the data, TFM facilitates a more interpretable representation of the

data, allowing for more efficient and effective analysis of complex multidimensional data. In recent years,

TFM has been applied to a diverse range of domains, including computer vision, medical imaging, natural

language processing, and recommender systems (Bouchard et al., 2015; Hatvani et al., 2018; Panagakis

et al., 2021; Symeonidis, 2016). A few popular types of TFM include principal component analysis (PCA),

Tucker decomposition, and CP decomposition.

2.2.1 Tensor Definition and Preliminaries

Tensors are also known as multidimensional arrays or higher-order arrays, where the modes of a tensor

correspond to the dimensions of a multidimensional array. Let D be a positive integer that specifies the

number of modes for a tensor. A D-way tensor is an object that can be represented as a multidimensional

array of elements in a field, such as R. The extents of a tensor correspond to the sizes of each mode of

the array. Let p1 × p2 × · · · × pD denote the extents associated with a D-way tensor. We denote tensors

of a dimension of three or more by boldface Euler script letters, e.g., X ∈ Rp1×p2×···×pD . Tensors of

lower dimensions, such as matrices and vectors, can be considered as special cases of tensors. Matrices

are two-way tensors and can be denoted by bold capital letters, e.g., X ∈ Rp1×p2 . Similarly, vectors are
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one-way tensors and can be denoted by bold lowercase letters, e.g., x ∈ Rp1 . Scalars are the simplest form

of tensors and can be denoted by lowercase letters, e.g., x ∈ R. Scalars are zero-way tensors.

One way to comprehend the structure of tensors is to view them as a collection of fibers or slices,

where each fiber or slice corresponds to a particular dimension of the tensor. A fiber of a tensor is an array

of numerical elements, each of which corresponds to a fixed value of all indices except one. In other words,

a fiber is obtained by holding all indices of the tensor constant, except for one, and thus represents a one-

dimensional subset of the tensor. On the other hand, a slice of a tensor is an array of numerical elements,

each of which corresponds to a fixed value of all indices except two. Slices are obtained by holding all

indices of the tensor constant, except for two, and thus represent a two-dimensional subset of the tensor.

For example, consider a three-way tensor X ∈ Rp1×p2×p3 . Each mode-1 fiber of X is a one-dimensional

array of p1 numerical elements, corresponding to a fixed pair of values of the second and third indices.

Each frontal slice of X is a two-dimensional array of size p1 × p2, corresponding to a fixed value of the

third index. Graphical examples of fibers and slices for a 3-way tensor are given in Figure 2.7.

In addition to fibers and slices, two other important concepts related to tensors are matricization and

vectorization.

Definition 1 (Matricization). The mode-d matricization (unfolding) of X ∈ Rp1×p2×···×pD is denoted

as X (d) ∈ Rpd×
∏

j ̸=d pj and arranges the mode-d fibers of X into the columns of X (d). Formally, the

(i1, i2, . . . , iD)
th tensor element maps to matrix element (id, j)th, where

j = 1 +
D∑

m̸=d

(im − 1) Jm, Jm =
m−1∏
q ̸=d

pq .

For a three-way tensor, there are three mode-d matricizations, denoted X (1), X (2), and X (3), all of

which are demonstrated in Figure 2.8.

Definition 2 (Vectorization). Let X ∈ Rm×n be an m× n matrix with ai as the i-th column of X. The

vec(·) operator turns X into a column vector as follows
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Figure 2.7: Example of fibers and slices for a three-way tensor. (a) tensor fibers: (left) mode-1 fibers; (middle)
mode-2 fibers; (right) mode-3 fibers; (b) tensor slices: (right) horizontal slices; (middle) lateral slices; (right) frontal
slices.

vec(X) =



a1

a2

...

an


.

Similarly, we can define the vectorization of a D-way tensor X ∈ Rp1×p2×···×pD by vectorizing the

mode-1 matricization of X , i.e.,

vec(X ) = vec(X (1)).
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Figure 2.8: Mode-1, Mode-2, and Mode-3 matricizations for a three-way tensor X ∈ Rp1×p2×p3 .

For example, the vectorization of a three-way tensor X ∈ Rp1×p2×p3 is obtained by stacking its fibers

along the first mode, resulting in a vector of length p1p2p3.

Some Tensor Operations

Definition 3. An orthogonal matrix Q ∈ Rn×n has orthonormal columns which means that qT
i qj = 0

and qT
i qi = 1 ∀ i, j ∈ 1, . . . , n. Equivalently,

(i) QTQ = QQT = In

(ii) ∥Qx∥ = ∥x∥ for all x ∈ Rn

(iii) QT = Q−1

(iv) The columns of Q are an orthonormal basis for Rn
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Theorem 2.1 (The Spectral Theorem.). Every symmetric matrix has the form,

S = QΛQT

Note that Q represents the orthogonal eigenvector matrix of S, and Λ denotes the diagonal matrix of

corresponding eigenvalues. Singular Value Decomposition (SVD) is considered a generalization of The

Spectral Theorem, which provides a means of analyzing non-symmetric and non-square matrices.

Theorem 2.2. For an m× n matrix A with rank of r, the Singular Value Decomposition (SVD) of A is,

A = UΣVT =
r∑

i=1

σiuiv
T
i s.t σ1 ≥ σ2 ≥ . . . ≥ σr

The dimensions of the matrices U, Σ, and V are determined by the size of A, and since A is not

necessarily square, the columns of U are orthogonal in Rm, and the columns of V are orthogonal in

Rn. Therefore, the vectors of U and V are commonly referred to as the “left singular vectors” and “right

singular vectors”, respectively. The matrix Σ is a diagonal matrix whose entries correspond to the singular

values of A.

Definition 4. The inner product of two tensors of the same modes X ,Y ∈ Rp1×p2×···×pD is the sum of the

products of their elements, i.e.,

⟨X ,Y⟩ =
∑
i1...iD

xi1...iDyi1...iD .

This will define the Frobenius norm of tensor X ∈ Rp1×p2×···×pD extended from the matrix case as

follow:

∥X∥F =
√

⟨X ,X ⟩ =

(∑
i1...iD

x2
i1...iD

)1/2

.

24



Definition 5. The outer product of D vectors a(1) ∈ Rp1 , . . . , a(D) ∈ RpD is an D-way tensor X ∈

Rp1×p2×···×pD whose elements are defined as

xi1...iD = a
(1)
i1

. . . a
(D)
iD

, 1 ≤ ij ≤ pj

A D-way tensor X ∈ Rp1×p2×···×pD is of rank on if it can be strictly decomposed into the outer

product of D vectors, i.e.,

X = a(1) ◦ . . . ◦ a(D).

Figure 2.9 illustrates the rank one three-way tensor X = a ◦ b ◦ c.

𝓧

a

b

c

Figure 2.9: Rank 1 Three-way Tensor.

Definition 6. For two matrices A ∈ Rm×n and B ∈ Rp×q , the Kronecker product (denoted by ⊗) is given

by

A⊗B =


a11B · · · a1nB

... . . . ...

am1B · · · amnB

 ∈ Rpm×qn.

Definition 7. The mode-d product between a tensorX ∈ Rp1×···×pD and a matrixA ∈ Rrd×pd is denoted

by Y = X ×d A ∈ Rp1×···×pdn−1×rd×pd+1···×pD . Element-wise, this operation can be expressed as follows
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yi1···id−1jdid+1···iD =
∑
id

xi1···iDaidjd .

This product definition is closely related to the mode-d matricization, given that:

Y = X ×d A ⇔ Y (d) = A ·X (d).

2.2.2 Principal Component Analysis

Principal Component Analysis (PCA) is a widely employed technique for dimensionality reduction in

various fields, with the goal of identifying low-dimensional subspaces that capture the maximum amount

of variation in the data (2017). PCA is a specific instance of TFMs, and it is closely related to SVD, with

one essential step in PCA being to center the data.

Definition 8. The Sample Covariance Matrix of A ∈ Rn×p is defined by

S =
AAT

n− 1
.

Given a sample covariance matrix S of A, we can apply SVD to S, yielding S = UΣ2UT. Since

S is symmetric, the columns of U are eigenvectors of S, which are also the left singular vectors of A.

Subsequently, the columns of U become the principal components of A upon applying SVD to A.

Furthermore, the eigenvalues of S correspond to the squared singular values of A, and the total variance

of A is given by
∑r

i=1 σ
2
i /(n − 1). The first k singular vectors account for more variation in the data

than any other set of k singular vectors, providing the primary motivation for dimensionality reduction.

Despite its widespread use, applying PCA to high-dimensional tensor data presents several limitations

that can impede its effectiveness. One of the most significant drawbacks of PCA on tensor data is the

increased computational complexity. While PCA was designed for matrix data that can be manipulated

using standard linear algebraic methods, tensor data requires more advanced techniques, such as tensor

algebra, to perform the necessary calculations. This increased complexity can render PCA impractical or
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excessively time-consuming when dealing with high-dimensional tensor data. Furthermore, PCA cannot

capture non-linear correlations between variables when applied to tensor data. PCA assumes that the

relationships between variables are linear, which may not be the case in the context of tensor data. In many

cases, the interrelations between variables in tensor data can be highly complex and non-linear, making

it difficult for PCA to effectively capture these correlations (Zare et al., 2018). These limitations must be

taken into account when selecting appropriate methods for analyzing high-dimensional tensor data.

2.2.3 CP Decomposition

Canonical Polyadic Decomposition (CPD), also known as PARAFAC, is a powerful technique to extract

latent factors from high-dimensional tensors (Bro, 1997). The goal of CP decomposition is to represent

the high-dimensional tensor as a sum of rank-one tensors, each corresponding to a latent factor. This

representation allows us to uncover the underlying structure and patterns in the data.

Mathematically, under the CP format, a D-way tensor X ∈ Rp1×···×pD can be decomposed into a set

of D matrices {Ud}Dd=1 sharing the same number columns as follows:

X ≈ X̂ =
r∑

i=1

U1[:, i] ◦ · · · ◦UD[:, i],

where the tensor factor Ud is of size pd × r, with 1 ≤ d ≤ D. Ud[:, i] denotes the ith column of Ud.

The non-negative scalar value r is the CP-rank of X . X̂ is the reconstruction of the original tensor. An

illustration of an approximate CP-decomposition is given in Figure 2.10.
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Figure 2.10: CP decomposition of a three-way tensor X into r components.
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The ultimate aim of CP decomposition is to construct a rank-r tensor that can further minimize the

Frobenius norm of the difference between the original tensor and its approximation, i.e., minX̂ ∥X −

X̂∥F . This can be achieved using various algorithms, but the Alternating Least Squares (ALS) algorithm

is the most common approach used in practice (Kolda and Bader, 2009). The ALS algorithm is an iterative

optimization approach that optimizes a single factor matrix while keeping all other factor matrices fixed.

This process is repeated for every factor matrix until a specified stopping criterion is reached.

The main limitation of CP decomposition is the computationally-intensive task of determining the

true rank r of a tensor. This is because computing the rank of a tensor is a problem known to be NP-hard,

and there is no trivial algorithm for solving it (Rabanser et al., 2017). Even if the CP-rank is known in

advance, it is not guaranteed that the best rank-r approximation of a tensor exists (De Silva and Lim,

2008). As a result, many algorithms used in practice attempt to fit multiple ranks and select the best

approximation.

2.2.4 Tucker Decomposition

The Tucker decomposition is a tensor factorization method that, similar to the CP decomposition, also

aims to obtain the best approximation of a given tensor. However, in contrast to the CP decomposition,

which expresses the approximation as a sum of r rank-one tensors, the Tucker decomposition decomposes

the original tensor into a core tensor that has different scalings along each mode (Tucker, 1966). This

method is analogous to the approach used in PCA and is often referred to as higher-order PCA. By doing

so, the Tucker decomposition captures the essential features of the original tensor, which can be used for

tasks such as subspace estimation, compression, or dimensionality reduction (Rabanser et al., 2017).

Mathematically, the Tucker decomposition constructs X̂ to approximate X ∈ Rp1×···×pD using a

reduced core tensor G ∈ Rr1×···×rD and D factor matrices {Ud ∈ Rpd×rd}Dd=1:

X ≈ X̂ = G × 1U1 × 2U2 × 3 . . .×D UD,
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where rd ≤ pd. The vector r = [r1, r2, . . . , rD] is called the multilinear rank of rank-(r1, r2, . . . , rD) of

X . Figure 2.11 depicts the model for the three-way tensor decomposition.
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Figure 2.11: Tucker decomposition of a three-way tensor X into a core tensor G and factor matrices U1, U2, and
U3.

It is noteworthy that the general Tucker decomposition is not inherently guaranteed to generate a

unique solution. Hence, it is imperative to impose specific constraints on the factor matrices to ensure

the uniqueness of the resulting solution. To achieve a unique solution, various approaches have been

proposed, including the Higher Order Singular Value Decomposition (HOSVD) and the Higher Order

Orthogonal Iteration (HOOI) (De Lathauwer et al., 2000). The HOSVD algorithm entails the compu-

tation of the singular value decomposition (SVD) of each mode matricization of the tensor, resulting in

the formation of a set of orthogonal matrices for each mode. Subsequently, these orthogonal matrices

are employed to establish the core tensor and factor matrices, which represent the original tensor in a

compressed form. Algorithm 1 provides a detailed representation of the HOSVD algorithm.

Algorithm 1 Higher Order Singular Value Decomposition (HOSVD)
Input: A tensor X ∈ Rp1×···×pD , and desired ranks r1, . . . , rD.

1: for d = 1 to D do
2: Compute the mode-d matricization X (d) of X .
3: Compute the SVD of X (d), X (d) = UdΣdV

T
d , where Ud is a matrix of orthogonal columns.

4: Set Ud = Ud[:, 1 : rd], where rd is the desired rank of the dth mode.
5: end for
6: Compute the core tensor G = X ×1 U

T
1 ×2 U

T
2 · · · ×D UT

D.
Output: Core tensor G ∈ Rr1×···×rD , and factor matrices Ud ∈ Rpd×rd , d = 1, . . . , D.
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In HOOI, the Tucker decomposition is initialized using the HOSVD of the original tensor. Follow-

ing the construction of the initial approximation, HOOI utilizes an iterative algorithm to refine the factor

matrices and core tensor, aiming to minimize the error between the original tensor and the Tucker approx-

imation, i.e., minX̂ ∥X − X̂∥F . In each iteration, one factor matrix is updated, while the other factor

matrices and core tensor are held fixed. The update is conducted by performing a matrix factorization of a

specific matrix that is dependent on the prevailing values of the other factor matrices and the core tensor.

This process is repeated until the error converges to a minimum. Algorithm 2 offers a comprehensive

description of the HOOI algorithm.

Algorithm 2 Higher-Order Orthogonal Iteration (HOOI)
Input: A tensor X ∈ Rp1×···×pD , and desired ranks r1, . . . , rD.

1: Initialize factor matrices Ud ∈ Rpd×R, d = 1, . . . , D, using HOSVD.
2: while not converged do
3: for d = 1 to D do
4: Compute Y = X ×1 U

T
1 ×2 . . .×d−1 U

T
d−1 ×d+1 U

T
d+1 . . .×D UT

D.
5: Compute the mode-d matricization Y (d) of Y .
6: Compute the SVD of Y (d), Y (d) = UdΣdV

T
d , where Udis a matrix of orthogonal columns.

7: Set Ud = Ud[:, 1 : rd], where rd is the desired rank of the dth mode.
8: end for
9: end while

10: Compute the core tensor G = X ×1 U
T
1 ×2 U

T
2 · · · ×D UT

D.
Output: Core tensor G ∈ Rr1×···×rD , and factor matrices Ud ∈ Rpd×rd , d = 1, . . . , D.
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Chapter 3

Artificial Intelligence Methods

for Imbalanced Image

Classification

In this chapter, we present a privacy preserving and communication efficient information enhancement

procedure for medical image classification. The proposed method tackles the challenges of imbalanced

labels, data aggregation, and privacy protection through the use of transfer learning and synthetic data

generated by generative models. Rather than requiring access to the raw medical images, our approach

only requires a limited number of pre-trained model parameters obtained from the source data. The target

and source datasets used in this chapter are described in Section 3.2, along with a discussion of the problem

setup. In Section 3.3, we introduce the transfer learning technique and the generative models employed in

our procedure. Our results are presented and analyzed in Section 3.4, where we conduct experiments and

compare the performance of several competing models. These results are based on the findings of (X. Li

and Ke, 2022).
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3.1 Introduction and Related Work

Since a deep Convolutional Neural Network (CNN) architecture won the ImageNet computer vision

competition in 2012 (Krizhevsky et al., 2012b), deep CNN model gain popularity in almost all computer

vision-related areas, such as image classification (Lu and Weng, 2007), feature extraction (Mao and Jain,

1995), face recognition (Lawrence et al., 1997), image segmentation (J. Long et al., 2015; Ronneberger

et al., 2015), image understanding (Mahendran and Vedaldi, 2015; Maninis et al., 2016) and many more.

Besides the aforementioned promising applications, computer-aided diagnosis for medical images with

CNN-based classification algorithms have attracted intense research interests, see (Gao et al., 2019; Giger

and Suzuki, 2008; Halalli and Makandar, 2018; Krizhevsky et al., 2012a; Stoitsis et al., 2006) and references

therein.

The first medical image was created in 1895. A German professor of physics, Wilhelm Rontgen, took

an X-ray image of his wife’s hand. Since then, medical imaging has started to play a vital role in healthcare.

Medical imaging refers to numerous techniques of imaging the interior of the human body to diagnose,

monitor, or treat clinical conditions. Each of these techniques sends a particular form of energy, such as

electromagnetic spectrum, radiofrequency (RF) waves, and γ rays, into the human body to see how the

body reacts to the energy and returns a signal to a detector, typically outside the body. As medical imaging

has the ability to reveal hidden structures covered by skin and bones, these advanced techniques have

been wildly used in diagnosing clinical problems and dramatically reduce the need to perform exploratory

surgery, which is time-consuming and has the risk of causing mortality. Medical imaging types include X-

ray, Computed Tomography (CT), Magnetic Resonance Imaging (MRI), Ultrasound Imaging, Unclear

Medicine, etc. Figure 3.1 displays several examples of medical images. The type of medical imaging used

in our research is chest X-ray (CXR) images, typically used to diagnose a range of conditions, including

fractures, pneumonia, heart failure, pneumothorax, and lung disease.

Unlike natural images, medical images have several salient features which may cause additional chal-

lenges in their analysis processes. First, medical images are in general expensive and time-consuming to
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(a) (b)

(c) (d) (e)

Figure 3.1: Medical imaging examples. (a) CT scan of a brain, from the base of the skull to the top; (b) Nuclear
Medicine image of a brain; (c) Ultrasound of a kidney; (d) MRI of a knee; (e) X-ray of a wrist and hand.

collect due to equipment availability, materials cost, and human labor expense. Thus, the sample sizes

of many medical image datasets are not as large as the datasets we usually have in other computer vision

applications. Second, it is common to observe class imbalance in medical image datasets. For example,

in the pediatric CXR image dataset we are going to study, the Normal class is much smaller than the

Pneumonia class as healthy kids are less likely to visit doctors and take X-ray images. As a result of the first

two salient features, training a deep CNN-based classification model with randomly initialized weights

can be a luxury for many medical image datasets as the process requires a large and well-balanced sample
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to output satisfactory results. Third, naive augmentation of medical image datasets from multiple sources

may not always be a realistic option. On the one hand, the format, size, and quality of medical images vary

across multiple sources due to differences in equipment models, operation norms, and labeling standards.

On the other hand, hospitals and medical institutes are usually not passionate about publishing or sharing

their medical image data due to policy restrictions, privacy concerns, and communication issues. There-

fore, researchers of medical image classification usually have no or restricted access to additional medical

image data sources.

In this chapter, we propose a privacy preserving and communication efficient information enhance-

ment procedure for medical image classification. To reflect the salient features discussed above, we study

the binary classification for a small and heavily imbalanced pediatric CXR image dataset (target dataset).

We assume there exists another X-ray image dataset (source dataset) that we can borrow additional in-

formation from. However, we prohibit ourselves from directly accessing the images in the source dataset

to respect the privacy preserving concerns. The first component of our procedure is transfer learning.

Transfer learning aims to re-use the parameters pre-trained on a large source dataset as the initial weights

for the model training on a small target dataset. It allows the model training on the target dataset to have a

“warm start”, and hence alleviates the data insufficient problem. Existing transfer learning studies for deep

CNN models are mainly focused on natural image analysis, where the source model is usually trained on

a vast natural image database, such as ImageNet (Russakovsky et al., 2015). Recently, transfer learning has

been a widely investigated method to improve the performance of various medical image classification

applications, such as X-ray (Lee et al., 2020), MRI (C. Zhang et al., 2019), skin lesion (Hosny et al., 2019),

CT scan (Chowdhury et al., 2019), and more. However, transferring a deep CNN model pre-trained on a

natural image dataset may not provide significant improvement for medical image classification problems,

where pathology detection is based on local textures, like local white opaque patches in CXR images

are signs of pneumonia and consolidation. In our research, we investigate the transfer learning between

two medical image datasets whose domains and class labels can be different. The second component of

our procedure is artificial sampling with generative models. Naive data augmentation techniques like
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duplicating, rotating, flipping, zooming, and cropping of the existing images (Buda et al., 2018; Sharma

et al., 2020; Stephen et al., 2019) are not suitable for medical image datasets as the generated sample are

not interpretable. In recent years, generative networks, including AutoEncoder-based and Generative

Adversarial Networks (GANs) based models, have shown great potential in capturing the underlying

distribution of data and generating images mimicking the existing ones (Albahli et al., 2021; Qin et al.,

2019). In our research, we explore several popular generative models and create artificial samples to address

the class imbalance issue. Both components in our procedure do not require direct access to the medical

images in the source dataset. Therefore, our procedure strictly preserves the privacy of the patient in the

source dataset. Besides, our procedure is communication efficient as it only requires the transmission

of model parameters rather than the raw medical images. The empirical advantage of our procedure is

validated by extensive numerical experiments.

3.2 Data Description and Problem Setup

3.2.1 Target Dataset

The target dataset is a collection of frontal CXR images of pediatric patients under five years old, which are

labeled by professionals in Guangzhou Women and Children’s Medical Center, Guangzhou, China (Ker-

many et al., 2018). The dataset 1 consists of 5, 910 frontal CXR images. Among the X-ray images, 1, 576

are labeled as Normal, and 4, 334 are labeled as Pneumonia. The major research objective is to develop

a computer-aided diagnosis method that can accurately and efficiently classify Normal and Pneumonia

pediatric patients using their frontal CXR images.

In this study, we randomly partition the target dataset into three sub-samples for training, validation,

and testing. The validation and testing sets are designed to be balanced to evaluate the classification

performance, while the training set is intentionally left severely imbalanced. The partition sample sizes

are summarize in Table 3.2.1.
1Avaliable at https://data.mendeley.com/datasets/rscbjbr9sj/2
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Table 3.2.1: Target dataset splitting sample sizes.

Training Validation Testing
Normal 800 334 442

Pneumonia 3500 390 444

3.2.2 Source Dataset

To alleviate the information insufficiency in the target dataset, we introduce a supplement CXR dataset 2

(X. Wang et al., 2017) released by the National Institutes of Health Clinical Center (NIHCC). The

NIHCC dataset consists of 112, 120 CXR images collected from more than 30, 000 patients in all age

groups, including many with one or more of14 lung diseases, such as Infiltration, Atelectasis, Effusion, etc.

In the dataset, 60, 361 images are labeled as No-Findings which means no lung disease can be diagnosed

according to these images. Besides, 30, 963 images are labeled to have only one of the 14 lung diseases,

while the others may be labeled by multiple lung diseases. Among the single disease classes, Infiltration,

which indicates visible pulmonary infiltrates in the lung area, is the largest class with a class size of 9, 547

images.

In our research, to match the binary classification problem of interest in the target dataset, we choose

a bi-class subset of the NIHCC dataset as our source dataset. To be specific, the source dataset includes all

9, 547 Infiltration images plus 9, 547 No Finding images randomly sampled from the NIHCC dataset.

3.2.3 Problem Setup

In this chapter, we design our experiments to mimic several typical challenges in medical image classific-

ation applications. First, the target dataset has a limited sample size which is insufficient to train a deep

CNN model from scratch. Second, according to Table 3.2.1, the training sample in the target dataset is

severely imbalanced as the ratio between Normal and Pneumonia is less than 1/4. The label imbalance is a
2Avaliable at https://nihcc.app.box.com/v/ChestXray-NIHCC
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salient feature for many X-ray datasets since healthy, asymptomatic, and mild patients may not necessarily

take X-ray images to assist their diagnoses. As a result, the performance of deep CNN on the target dataset

is not ideal. For example, the classification accuracy of a VGG-16 (Simonyan and Zisserman, 2015) model

is less than 85%, where nearly one-third of Pneumonia images in the testing set are misclassified to the

Normal class. Such a high false negative rate may result in serious negligence and delay in the treatment

of pneumonia patients.

According to the data description, there exists a clear domain adaption issue caused by transferring

the information from the source dataset to the target dataset. The images in the source dataset are taken

over all age groups while the target dataset only contains images of pediatric patients under five years old.

In addition, the medical meaning of the disease label in the source dataset (Infiltration) is also different

from the one in the target (Pneumonia). In Figure 3.2, we list several images in each dataset, where the

domain difference is visually recognizable. Therefore, we will show that directly augmenting the source

dataset into the training process is not the best strategy to improve the classification accuracy in the target

dataset.

Figure 3.2: Sample observations from target and source datasets.

In addition, we consider the scenario that direct access to the images in the source dataset is prohibited,

which is, unfortunately, a widely encountered obstacle in medical image studies. Hospitals and medical
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institutes are usually reluctant to publish or share their medical image data due to policy restrictions and

privacy concerns. Recent studies (Rocher et al., 2019; White et al., 2022) have shown that traditional

anonymization methods, like removing or shuffling IDs, may not truly preserve the privacy of patients.

To avoid the risk of privacy leakage and reduce the communication cost, we propose to let the owner of

the source data pre-train a deep CNN model they trust, and only share the trained model parameters to

the researchers of the target dataset. In such an information sharing scheme, the privacy of patients is

fully preserved and the transmission of gigantic raw medical image datasets is avoided.

3.3 Methods

3.3.1 Transfer Learning

In this chapter, we first propose transfer learning as a viable solution to overcome the challenges discussed

in Section 3.2.3. The intuition of transfer learning is to re-use a model pre-trained on a source dataset

to a target dataset with a similar task. We can formulate a popular transfer learning scheme for image

classification as follows. Let {Xs
i , Y

s
i }mi=1 be a source image dataset, where (Xs

i , Y
s
i ) is the ith image and

its corresponding class label. We pre-train a deep neural network model on the source dataset. Denote

T (·; θs) the trained model parametrized by an augmented coefficients vector θs. Then we propose to

transferT (·; θs) to a target dataset {X t
i , Y

t
i }ni=1, such that we predictY t

i byT (X t
i ; θ

s). Several modifica-

tions can be made to the transferred model such as layer selection, feature map screen, or model update by

treating θs as initial estimates. Despite many attempts have been made by statisticians (Cai and Wei, 2021;

Maity et al., 2020; Tian and Feng, 2021), a unified mathematical explanation to the success of transfer

learning is still lacking. Nevertheless, an interesting phenomenon that has been repeatedly discovered in

many computer vision studies (Azizpour et al., 2015; M. Long et al., 2015; M. Long et al., 2016; Mou et al.,

2016; Yosinski et al., 2014): the feature maps learned by the low-level layers of a CNN model are prone to

represent some common visual notions like shapes, edges, geometric symmetry, effects of lighting, which

are highly generalizable. On the other hand, feature maps on high-level layers are task-specific and hence
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can be useful when the target task is similar to the source. We refer to Figure 3.3 for a toy example to

visualize the feature maps in each layer of a CNN model. In general, the ability of lower-level layers is

more general, and that of higher-level layers is more specific to the classification task. Therefore, a CNN

model pre-trained on a large source dataset could help the learning for a similar target task with a small

dataset through transfer learning.

Figure 3.3: Visualization of feature maps in low, mid, and high level layers of a CNN model.

3.3.2 Generative Models and Artificial Sample

The core idea behind generative models is to capture the underlying distribution of the input images

and generate high-quality artificial samples. To address the class imbalance issue, we propose to boost

the minority class with artificial images generated from a distribution learned by generative models. In

this project, we consider two representative types of generative models: Generative Adversarial Networks

(GANs) (Goodfellow et al., 2014) and AutoEncoders (Hinton and Salakhutdinov, 2006).

GAN

A GAN model simultaneously trains two neural networks: a generator, denoted G, and a discriminator,

denoted D (or a critic, denoted C , as in some literature). Figure 3.4 demonstrates the structure of basic

GANs. The two models are trained in an adversarial manner. The generator is an inverse neural network

that takes a vector of random noise, denoted by z, which is sampled from the prior distribution (Gaussian
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distributions are commonly adopted), denoted by pz . Then the random noise vectors are up-sampled by

the generator to artificial images, denoted xa = G(z), which belong to the same space as the real images,

denoted x. Synthetic artificial examples try to mimic authentic data, denoted x, whose distribution is

represented by pdata, and aim to fool the discriminator. In contrast, the inputs of the discriminator are

a mixture of real images x and artificial images xa. The discriminator, a feed-forward neural network, is

then trained to distinguish between them, returning the probability of an input image being “true”. So it

gives us the following minimax optimization problem:

min
G

max
D

{V (D,G)} = Ex∼pdata [logD(x)] + Ez∼pz [log(1−D(G(z)))].

Real
Image

Random 
Noise

𝑮

𝒛

𝒙
𝑫

Generator

Discriminator
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Fake

Fake Image

𝑮(𝒛)

Figure 3.4: The general framework of GANs.

We train the discriminator to maximize log(D(x)) the probability of assigning the correct label to

both authentic and artificial images, and train the generator to minimize log(1−D(G(z))) to deceive the

discriminator into committing misclassifications. By competing with the discriminator, the generator is

gradually optimized to generate artificial images that are increasingly indistinguishable from the authentic

ones. In other words, proven by Arora et al., 2017, if the generator is successful, we would expect the

empirical distribution ofxa, denoted bypfake, to be identical to the populationpdata. When reaching such

an equilibrium, the discriminator cannot differentiate artificial examples from authentic ones. Eventually,

it has to make random guesses and return probabilities of around 0.5.
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The innovative idea of GAN has motivated a large number of studies. In our research, we adapt three

widely used variations of GAN in our experiments, which are introduced as follows.

Deep Convolutional GAN

Compared to the original GANs that use multilayer perceptrons, Deep Convolutional GANs (DCGAN)

utilize CNNs for the generator and discriminator networks and thus have the ability to generate complic-

ated images (Radford et al., 2016). Specifically, the DCGAN architecture (1) replaces pooling layers with

fractional-strided convolutions in the generator and strided convolution in the discriminator; (2) removes

fully connected layers and directly connects the output to the convolutional layers; (3) applies batch nor-

malization (Ioffe and Szegedy, 2015) to both the generator and discriminator (except the generator output

layer or the discriminator input layer) to make the learning process efficient and stable; (4) utilizes ReLU

(Nair and Hinton, 2010) activation in the generator (except output layers which use Tanh activation) and

Leaky ReLU (Maas et al., 2013) in the discriminator to prevent gradients from vanishing.

Wasserstein GAN with Gradient Penalty

The optimization of GANs involves training two neural network models in the opposite direction and

hence is well known to suffer from instability, mode collapse, and slow convergence (Arjovsky and Bottou,

2017). Wasserstein GAN (WGAN) addresses these optimization challenges by using the 1-Wasserstein dis-

tance (also known as the Earth-Mover distance) as the loss function. The 1-Wasserstein distance measures

the optimal cost of transporting mass in converting the real data distribution pdata to the artificial data

distribution pfake and is defined as:

W(pdata, pfake) = inf
γ∼

∏
(pdata,pfake)

E(x,y)∼γ∥x− y∥.

In addition, WGAN applies weights clipping trick onto the discriminator to enforce the Lipschitz

constraint. In detail, the weights of the discriminator are forced to be within a specific range controlled by

a hyperparameter c. Compared to the discriminator in GAN, the one in WGAN does not use the sigmoid
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function. Other than returning a probability, it outputs a scale score, representing the fidelity of the input

images. Proven by Arjovsky and Bottou, 2017, the 1-Wasserstein distance outperforms Jensen-Shannon

divergence and Kullback-Leibler divergence, as it provides a smoother gradient and thus helps stabilize

the training of WGAN with reduced mode collapse.

However, weight clipping introduces model convergence problems when the hyperparameter c is not

tuned correctly. In follow-up work, Gulrajani et al., 2017 improved the training of WGAN by replacing

the clipping with a gradient penalty term to enforce the Lipschitz constraint. The new method, named

WGAN_GP, admits loss functions as

LWGAN_GP
D = −Ex∼pdata [logD(x)] + Ez∼pz [logD(G(z))] + λEx̂∼px̂

[
(∥∇Dx̂(x̂)∥2 − 1)2

]
LWGAN_GP

G = −Ez∼pz [logD(G(z))],

where x̂ = αx+ (1− α)G(z), and α is a random number uniformly distributed over the interval [0, 1].

Consequently, WGAN_GP penalizes the model if the gradient norm drifts away from 1. According to

the experiments, it is not causing the problems observed in WGAN with weight clipping.
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Figure 3.5: Conditional GAN (CGAN) model architecture.

42



Conditional GAN

Conditional GANs (CGAN) modify the training process of the classical GANs by imposing priors drawn

from exogenous information (Mirza and Osindero, 2014). Such additional information denoted y can be

categorical labels, textual contexts, other partial or low-resolution images, etc. Figure 3.5 shows the model

architecture of CGANs. Different from the framework of GAN, the generator in CGAN takes random

noise vectors z and labels y as inputs, denoted as (z, y), and synthesizes an artificial example G(z, y) =

xa|y. Afterward, the real examples with labels (x, y) and artificial examples with labels (xa|y, y) are fed

into the discriminator, which outputs a single probability indicating whether the input example is a real,

matching image-label pair. Generally, CGAN can be formulated as:

LCGAN
D = −E(x,y)∼pdata (x,y)[logD(x|y)]− Ez∼pz ,y∼pdata (y)[log(1−D(G(z|y)))]

LCGAN
G = −Ez∼pz ,y∼pdata (y)[logD(G(z|y))].

While training a CGAN model, the generator and discriminator are conditioned on the exogenous

information by concatenating it to the input layers. Figure 3.6 displays the procedures of combining the

label with (a) input random noise vectors or (b) input random noise vectors. Specifically, when training

the generator, labels and random noise vectors are embedded and reshaped into two three-way arrays

whose first two dimensions are identical. Then, the concatenation of these two arrays serves as the input

layer of the generative network. While for the discriminator, as the input images (real ones and artificial

ones) are formulated as three-way arrays, we only embed and reshape the labels.

For GANs, although the domain of examples the model learned to emulate could be controlled by

the selection of the training images, it’s unable to specify any of the characteristics of the data samples

the GAN would generate. For example, if we select images from multiple classes as training examples, we

cannot control whether it would produce examples from a specific category. In contrast, CGAN allows

the generator to synthesize images of a particular class after training the model over images from multiple

classes.
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Figure 3.6: The procedure of combining labels in the CGAN model. (a) Combining labels y with random noise
vectors z in the generator. (b) Combining labels y with real images x or fake images G(z, y) in the discriminator.

AutoEncoder

An AutoEncoder is an unsupervised learning neural network that compresses the underlying distribution

in a lower-dimensional latent space (Hinton and Salakhutdinov, 2006), whose structure is represented

in Figure 3.7. It consists of two parts: the encoder, denoted by F , and the decoder, denoted by G. The

encoder is structured by a sequence of layers that sequentially decrease the dimension of their outputs

and aims to encode the input x image into a latent space z = F (x) (sometimes called a bottleneck). In

contrast, the decoder, structured with a stack of increasing dimension layers, reconstructs the compressed

representation to an output image x̂ = G(F (x)) with the same dimension as the input.

The system is expected to reconstruct images the same as the corresponding input images, i.e., x̂ ≈ x.

There are various metrics to quantify the difference between two images. The one commonly used is the
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Figure 3.7: The framework of AutoEncoder.

reconstruction error, which measures the pixel-wise difference between x and x̂, say Mean Squared Error

(MSE), which is given as:

LAE =
1

N

N∑
i=1

(xi − x̂i)
2,

where N is the number of training examples, or the batch size used to calculate the loss. The naive

AutoEncoder is tailored to reconstruct the input rather than generate a near identically distributed but

independent artificial observation. However, there are many variations of AutoEncoder which can be

used as generative models.

Variational Autoencoder

One of the popular AutoEncoder-based generative models is Variational Autoencoder (VAE), which

enforces continuous latent spaces and allows random sampling (Kingma and Welling, 2014). Therefore,

it can be a helpful technique for generative modeling. Unlike the classic AutoEncoder, VAE aims to

compress an input image into a latent vector that follows a constrained multivariate latent distribution,

such as multivariate normal. As shown in Figure 3.8, after the encode taking in the input image x, it

outputs two latent variables: mean zµ and variance zσ, which are the parameters of the multivariate
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normal distribution that the model learns during the training. The latent vector z is sampled from the

learned distribution and is then passed to the decoder to reconstruct the image x̂.
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Figure 3.8: The framework of Variational AutoEncoder.

To ensure each datapoint has the encoding in the same Euclidean space region, in addition to the

reconstruction loss (e.g. MSE), VAE also penalizes the KL-divergence between the real posteriorN (µ, σ)

and the estimated one N (zµ, zσ). The loss function is formulated as:

LV AE =
1

N

N∑
i=1

(xi − x̂i)
2 +KL[N (zµ, zσ) ∥N (µ, σ)].

Such an architecture design allows us to sample the multivariate latent encoding vector from the con-

strained distribution N (µ, σ) and use a decoder to generate artificial images.

3.4 Experiments and Numerical Results

3.4.1 Classification Model

VGG16 is a CNN model proposed by Simonyan and Zisserman, 2014 and is proven to be a significant

milestone in the field of computer vision. As shown in Figure 3.9 (a), it is a 16-layer network comprised

of convolutional and fully connected layers, whose input layer takes in RGB images with 3 channels as

input and output layer with Softmax activation returns features corresponding to the 1, 000 categories.
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The 1, 000 refers to the total number of possible classes in the ImageNet dataset on which VGG16 is

pretrained. This dissertation borrows the idea of VGG16 and modifies the neural network structure to

satisfy the specific classification requirement.

RGB image
𝟐𝟐𝟒	×	𝟐𝟐𝟒	×	𝟑

Gray-scale image
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Figure 3.9: CNN model architectures of (a) VGG16 and (b) modified VGG16.
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In our experiments, we unify X-ray images to a fixed size of 128× 128 pixels and treat them as single-

channel gray-scale images. The precise architecture of the modified VGG16 model for image classification

visualized in Figure 3.9 (b) is as follows:

1. Compared to VGG16, an extra convolutional layer is added after the input layer to transform a

single-channel gray-scale input into a 3-channel image compatible with the input of VGG16 archi-

tecture. It has 3 kernel filters, and the filter size is 3× 3. As input gray-scale image passed into this

convolutional layer, dimensions change to 128× 128× 3.

2. The main body of the architecture uses the convolutional layers of VGG16. There is a total of five

blocks. The first two blocks have two convolutional layers of filter size 3×3, stride one and padding

one, while the last three blocks have three convolutional layers with the same filter size, stride, and

padding. Each of these five blocks is followed by a max-pooling layer of size 2× 2.

3. The VGG16’s fully connected layers have been replaced to produce binary classification results. The

final output is the probability of a specific CXR image having Pneumonia.

In the rest of this section, we call the above model the classification model for the simplicity of present-

ation. The classification models are trained with a batch size of 32 over 30 epochs using Adam optimizer

(Kingma and Ba, 2017) with a learning rate of 0.00002, unless otherwise specified.

3.4.2 Training from Scratch on Imbalanced Dataset

First, we follow the sample partition scheme in Table 3.2.1, and train and test the classification model on

the imbalanced target dataset from scratch. The weights of the classification model are randomly initial-

ized. Notice that, the training sample (4, 300 images) is clearly insufficient to empower the classification

model in Figure 3.9 (b) who has nearly 19 million trainable parameters. Therefore, during the training

over 30 epochs, the model tends to overfit the training set and has an unsatisfactory generalization per-

formance. As a result, the prediction accuracy measured over the 886 testing images is 84.42%. We treat

this performance as our baseline, as this baseline model does not receive any information enhancement.
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The experiments were run on the Google colab Pro+ platform, which has 52 GB RAM and uses K80, T4

and P100 GPUs. It takes 389 seconds to fit the baseline model.

3.4.3 Information Enhancement by the Source Dataset

The source and target datasets are different in various aspects. The target dataset is collected and labeled by

a hospital in China, which focused on pediatric patients aged under five. The source dataset is augmented

by NIHCC from multiple sources, where most patients are adults. Besides, their class labels are of different

meanings. To see this point, we use the baseline model trained in Section 3.4.2 to compute the probabilities

of the images in the source dataset that belongs to the Pneumonia class. The histogram with smoothed

density plots are presented in Figure 3.10. Recall that the baseline model is trained to separate Pneumonia

labeled X-ray image from the Normal class, and the output probability represents the possibility of an

input X-ray image is likely to be labeled as Pneumonia. According to Figure 3.10, both No Finding and

Infiltration classes in the source dataset have histograms heavily skewed to 1, meaning that most of the

images in the source data will be classified to the Pneumonia class, regardless they are labeled as No Finding

or Infiltration. Although there is a clear domain difference, we show the source dataset can help improve

the prediction of the target dataset by the following two approaches.

Figure 3.10: Histogram and smoothed density plot for Pneumonia probabilities of the images in the source dataset.
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Augment No Finding Images to Normal Class

According to the label description in the source data, No Finding indicates that the X-ray image does not

exhibit visible characteristics of lung disease. Therefore, as the target training set is imbalanced and has

a gap of 2, 700 images, we randomly sample 2, 700 No Finding images from the source dataset and add

them to the Normal class to balance the two classes. Then, a classification model following the architecture

in Figure 3.9 (b) is trained in a similar manner as described in Section 3.4.2 over the augmented balanced

target training dataset. The model performance is measured over the same 886 testing images. To account

for the variability, we repeat the random sampling for seven replications. For each replication, we randomly

sample 2, 700 No Finding images and add them to the Normal class in the training set On average, the

new model improves the prediction accuracy from the baseline model to 90.60%.

Transfer Learning

The experiment in the above section approved that directly borrowing similar images from the source data-

set can improve the prediction accuracy of the small and imbalanced target dataset. However, such a naive

data augmentation approach may not always be available in practice due to the various challenges we have

discussed in Section 3.2.3. In this experiment, we examine the performance of a transfer learning model

where the target task has no direct access to the raw images in the source dataset. Instead, we pre-train

the classification model on the source dataset as follows. The source dataset is randomly partitioned into

two subsets: 90% for training and 10% for validation. A classification model with the same architecture

as in Figure 3.9 (b) is trained on the source dataset to do a binary classification between No Finding and

Infiltration. The training is over 100 epoch with a batch size of 64. The model with the highest prediction

accuracy on the validation set is selected as the source model whose parameters are transferred to the target

dataset. Then, we train the classification model on the target dataset and initialize the training with the

source model parameters. After fine-tuning the weights over the imbalanced target training set following

the same strategy in Section 3.4.2, the prediction accuracy on the target testing set is improved to 89.95%.
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The prediction accuracy by transfer learning has an increment of 5.53% over the baseline model and is

fairly close to the performance of directly adding No Finding images to the target dataset.

Compared to the naive augmentation approach, transfer learning achieves a similar prediction ac-

curacy improvement without transmitting any images from the source dataset. Thus, patients’ privacy

has been fully preserved. Besides, it is well known that the process of sharing medical images between

institutes can be complicated and time-consuming, and the file sizes of high-quality medical images are

usually large. The transfer learning approach avoids the transmission of the raw images but only requires

a transfer of model parameters which can greatly reduce the communication cost. In our experiment, the

file size of the images in the source dataset is over 7.7GB. In contrast, the parameters of the pre-trained

model can be stored and transferred by a single file of size around 200MB. To sum up, in our experiments,

transfer learning is a privacy preserving and communication efficient approach to improve the classific-

ation accuracy in a small and imbalanced X-ray image dataset. The performance of transfer learning is

comparable to the naive augmentation approach, which directly adds the images in the source dataset to

the target task.

3.4.4 Information Enhancement by Artificial Sample

Next, we consider an alternative information enhancement strategy to address the label imbalance issue

in the target dataset that does not require any access to the source dataset. Classical image augmentation

techniques that randomly rotate, zoom, or flip the training images are not suitable for medical image

analysis as the generated images are often hard to interpret and not independent of the training sample.

Instead, we propose to supplement the under-sampled Normal class with artificial images created by

generative models. In this experiment, we train DCGAN, WGAN_GP, and VAE over 800 Normal

images in the training set. CGAN is trained over 4, 300 Normal and Pneumonia images in the training

as it allows multi-class data.
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Figure 3.11: Authentic images from Normal and No Finding classes, and artificial images generated by different
generative models.

DCGAN, WGAN_GP, and CGAN

The three GAN based generative models share similar generator and discriminator architectures. A six-

layer CNN generator takes a random noise vector of dimension100 as input (except for CGAN, which also

uses image labels as input), and outputs a single-channel image of size 128×128 pixels. The discriminator

(critic for WGAN_GP), a five-layer CNN, takes artificial images generated by the generator and authentic

Normal images as inputs, aiming to distinguish artificial images from true ones. The models’ weights are

randomly initialized and are trained with a batch size of 64 using Adam optimizer. Finally, the generator

trained at the 300th epoch is saved to generate artificial images.

VAE

The encoder uses the same architecture as the discriminator for GAN based models, except for the output

layer, which outputs two vectors of size 100, representing the means and variances. The decoder has the

same architecture as the generator for GAN based models. Also, the VAE model is trained with the same
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batch size and optimizer. Finally, we save the decoder trained at the 300th epoch to generate artificial

images.

Figure 3.12: Prediction results of the baseline model on the sets of artificial images generated by different generative
models.

Results

Figure 3.11 displays some artificial Normal images generated by the four generative models. Among the

four methods, the artificial images generated by DCGAN are visually most clear and closest to the au-

thentic Normal images. The images generated by VAE are blurred and not visually informative. We also

evaluate the quality of artificial normal images by computing their prediction probabilities to be labeled

as Pneumonia. Ideally, we expect a good artificial sample of the Normal class should have prediction

probabilities concentrated around 0. Figure 3.12 visualizes these prediction probabilities for the artificial

Normal samples generated by the four generative models. As we can see, three GAN based models work

as expected as the empirical distributions of their artificial samples perform similarly to the true Normal

images in the classification model. Further, the artificial sample generated by DCGAN has the smallest

standard deviation. In contrast, the prediction probabilities of the artificial Normal images generated by

VAE are concentrated around 1 which is not ideal.

According to the analysis above, we propose to use DCGAN to fill the sample size gap in two classes

in the training set. In other words, we use DCGAN to generate 2, 700 artificial images for the Normal

class, such that the training sample is equally contributed by two classes. Similarly, the training process has
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been repeated seven times. Evaluating the models over the target testing set, we have the lowest prediction

accuracy of 90.07%, and the highest one is 97.18%. The average prediction accuracy is 94.49%.

3.4.5 Privacy Preserving and Communication Efficient Information Enhance-

ment Procedure

In previous experiments, we have separately demonstrated that transfer learning and artificial sample can

improve CXR image classification, preserve patients’ privacy, and reduce or avoid communication costs. In

this experiment, we combine these two ideas to form our privacy preserving and communication efficient

information enhancement procedure, which can be illustrated by the following 3 steps: (1) Augment the

minority class with 2, 700 artificial images generated by DCGAN, so that the two classes are balanced. (2)

Initialize the weights of the classification model by the parameters transferred from the model pre-trained

on the source dataset. (3) Fine-tune all layers over the balanced target training set. We repeat this procedure

7 times to address the variability in random sampling. The prediction accuracy over the target testing set

ranges from 93.34% to 97.63% with an average 95.95%, which improves the baseline model by 11.53%.

3.4.6 Comparison and Analysis of Experiment Results

Table 3.4.1 summarises and compares the prediction results of the five classification models over the 886

testing images. The five models, as introduced in Sections 3.4.2– 3.4.5, apply different transfer learning

and data augmentation strategies.

The first row in Table 3.4.1 represents the baseline model which uses neither transfer learning nor data

augmentation. The baseline model has a classification accuracy of 84.42%. Besides, baseline commits

one false-positive (misclassify Normal to Pneumonia) and 137 false-negative (misclassify Pneumonia to

Normal). The performance of the baseline model is not ideal as nearly one-third of Pneumonia pictures

in the testing set are mistakenly diagnosed as Normal. Ignoring pneumonia patients as healthy people may

delay their treatments and cause severe consequences in practice. The best model among the 5 utilizes
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Table 3.4.1: Summary of 5 models. There are three data augmentation choices: no data augmentation (No); add
No Finding to Normal (No Finding), and artificial sample (DCGAN). The Transfer Learning column indicates if
we use transfer learning. AUC stands for the area covered under a receiver operating characteristic curve. FP and
FN are average number of false positives and false negatives over 7 replications.

Data Augmentation Transfer Learning Accuracy AUC FP FN
No No 0.8442 0.9829 1 137

No Finding No 0.9060 0.9859 1 82.29
No Yes 0.8995 0.9857 4 85

DCGAN No 0.9449 0.9927 3 45.86
DCGAN Yes 0.9595 0.9935 4 31.86

both transfer learning and data augmentation with an artificial sample generated by DCGAN. It achieves

a classification accuracy of 95.95% and reduces the average false-negative cases to 31.86.

Further, we plot Receiver Operating Characteristic (ROC) curves for the five models in Figure 3.13.

The areas under the curve (AUC) values are reported in Table 3.4.1. As we can see, the ROC curve of the

baseline model is at the bottom, and hence the baseline model has the smallest AUC value. On the other

hand, the ROC curve of the model that utilizes both transfer learning and an artificial sample is at the

top, and hence it has the largest AUC value. The model that only utilizes transfer learning and the model

that did data augmented by adding No Finding images to the training set have a similar performance. The

model that did data augmented with an artificial sample generated by DCGAN ranks second among the

five.

3.5 Conclusion

In this chapter, we study computer-aided diagnosis for a small and imbalanced pediatric CXR image

dataset. Training a deep CNN based classification model on this dataset from scratch does not work well

as a lot of pneumonia kids can be misdiagnosed as normal. To improve the classification performance, we

propose a privacy preserving and communication efficient procedure to enhance the information in model
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Figure 3.13: ROC curves of five classification models over the target testing images.

training on the target dataset. Additional information comes from a source dataset that contains X-ray

images of patients over all age groups and labeled by 14 lung diseases. So, there is a clear domain adaption

and target shift between the source and target datasets. Further, we prohibit ourselves from directly

accessing the images in the source dataset to reflect the privacy concerns widely arising in medical data

sharing. Our procedure has two key components: transfer learning and artificial sampling by generative

models. The former one transfers the parameters of a deep CNN based model pre-trained on the source

dataset to the target dataset as the initial weights. Transfer learning gives the training on the target dataset

a warm start and improves the prediction accuracy by around 6%. The second component, artificial

sampling, aims to supplement the minority class with artificial images generated from a distribution close

to the minority population. The minority population is learned by several GAN based methods. The

best generative model alone can increase another 6% to the prediction accuracy. Our procedure effectively

combines these two components and can improve the prediction accuracy by more than 10%. Our
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procedure strictly preserves the privacy of the patients as no medical images in the source dataset will be

released to the target dataset user. Our procedure is also communication efficient as it only requires the

transmission of model parameters instead of the raw medical images. We expect our procedure to have

broad impacts on a wide range of medical image classification problems where the researchers may suffer

from insufficient sample size, imbalanced classes, and restricted access to additional data sources.
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Chapter 4

Augmented Tensor Factor Model

for Overlapping Image

Classification

This chapter presents a solution to the overlapping issue in image classification through the use of an

augmented tensor factor model. The model combines samples from multiple classes and decomposes the

tensor data into two components: a pervasive component that is common across classes and a specific

component that includes the signals used to distinguish classes. The proposed model and its estimation

procedure, as well as the theoretical results of the estimators, are presented in Section 4.2. The factor

adjustment procedure for overlapping image classification is described in Section 4.3. The performance

of the proposed image classification method is evaluated through synthetic examples in Section 4.4 and

real COVID-19 chest X-ray images in Section 4.5.

4.1 Introduction and Related Work

With the advancement of modern data science, data structured as tensors, or multidimensional arrays,

are becoming increasingly prevalent in diverse fields. For example, samples of images or video clips are
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Figure 4.1: Examples of overlapping issues in image classification. The red boxes indicate the key areas used to
distinguish positive and negative classes. (a) COVID-19 diagnosis via CXR: normal (left) vs. pneumonia (right);
(b) Food contamination detection: feather (left) vs. hair (right); (c) Breast cancer detection via ultrasound: benign
(left) vs. malignant (right); (d) Surface crack detection: no crack (left) vs. crack (right).

naturally three or more dimensional tensors. Electrical health records (EHRs), as another example, collect

multiple features of many patients over a period of time and can be treated as tensor time series (C. Zhang

et al., 2021). Other examples of tensor data can be found in sensor networks (J. He et al., 2016), magnetic

resonance imaging (Hasan et al., 2011), spatial-temporal analysis (Ran et al., 2016), climate research (Q.

Zhang et al., 2009), microbiome studies (Mor et al., 2022), and quantitative finance (Huang et al., 2018).

As tensor data is typically high-dimensional and large-scale, learning its information through parsimonious

yet flexible models is desirable. To that end, classical latent factor models (e.g. Bai, 2003; Bai and Li, 2012;

Fan et al., 2008; Fan et al., 2011; Lam and Yao, 2012) have been revitalized by the statistics and machine

learning communities to understand their computational, statistical, and theoretical properties for tensor

data applications (e.g. E. Y. Chen and Fan, 2021; E. Y. Chen et al., 2019; R. Chen et al., 2022; Y. He et al.,

2022; D. Wang et al., 2019; A. Zhang and Han, 2019).
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Computer-aided diagnosis for medical images has attracted significant attention in the computer

vision domain over the past decade. During the COVID-19 pandemic, deep neural network-based image

classification methods have been widely used to detect pneumonia caused by the virus from chest X-ray

(CXR) images (e.g. Ismael and Şengür, 2021; Jain et al., 2021; H. Li et al., 2022). Early detection of lung

infection has been proven critical for COVID-19 patients with a high risk of developing severe symptoms,

as timely treatment can reduce their mortality rates (Goyal et al., 2020; Sun et al., 2020). A well-observed

challenge in medical image classification is that the images from positive and negative classes can be highly

overlapping, in the sense that only a small area of the image contains the specific information to distinguish

the two classes. In comparison, the rest of the image contains pervasive noise between the two classes,

such as background, body shape, skeleton, and tissues. In Figure 4.1, we provide several examples of

this overlapping phenomenon in image classification applications. As a result, even cutting-edge deep

learning-based classifiers may suffer from limited correct classification rates since the weak specific signals

are obscured by large pervasive noise.

In this chapter, we introduce a novel augmented tensor factor model to address the aforementioned

challenge in image classification, which may provide insight into more general heterogeneous tensor data

analysis problems. Our model combines samples from multiple classes and decomposes the tensor data

into a pervasive component that shares the same pattern across classes and a specific component that

varies from class to class. The pervasive component is modeled by the production of a low-rank latent

tensor factor and a few factor loading matrices. We propose to matricize the augmented tensor factor

model into a series of matrix variate factor models. Then, factor loading matrices and latent tensor factors

are estimated using principal component analysis (PCA), which leverages the wisdom of classical latent

factor analysis. The ranks of latent tensor factors are estimated using a modified eigen-ratio method.

Additionally, we prove the theoretical properties of our estimators. Our estimators for factor loading

matrices and latent tensor factors benefit from large sample sizes and high dimensionality, leading to fast

convergence rates. The proposed rank estimation method can also consistently recover the ranks of latent

tensor factors. Thanks to these desirable and novel theoretical results, we developed a factor adjustment
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procedure for overlapping image classification. We use the training sample to estimate ranks and factor

loading matrices; then, we regress the testing set on the estimated factor loading matrices. Finally, we apply

the classifier to the regression residuals, which are consistent estimates of specific components. The factor

adjustment procedure improves the signal-to-noise ratio by removing pervasive noise. The effectiveness of

this procedure is demonstrated through synthetic experiments. We also show that our method improves

the correct COVID-19 pneumonia diagnostic rate from CXR images by 10.5%.

4.2 Augmented Tensor Factor Model

4.2.1 Model Setup

Suppose we observe two D-way tensor valued random samples {X (+)
i ∈ Rp1×···×pD}n1

i=1 and {X (−)
i ∈

Rp1×···×pD}n2
i=1 from positive and negative classes, respectively. We assume the two samples share a com-

mon pervasive component P but different specific components S(+) and S(−). To be specific,

X (+)
i = Pi + S(+)

i , for i = 1, . . . , n1,

X (−)
i = Pi + S(−)

i , for i = 1, . . . , n2.

As the pervasive component does not contain useful information to distinguish the positive and

negative classes, we aim to adjust it and implement the binary classification on the specific components

instead of the original observations.

Let {Xi ∈ Rp1×···×pD}ni=1 = {X (+)
i }n1

i=1 ∪ {X (−)
i }n2

i=1 be the augmented sample with n = n1 + n2,

Xi = X (+)
i if i ≤ n1 and Xi = X (−)

i−n1
if i > n1. Without loss of generality, we can decompose Xi into

two parts as

Xi = Pi + Si, for i = 1, . . . , n, (4.1)
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where Pi is a pervasive component andSi is the augmented specific component that satisfies Si = S(+)
i if

i ≤ n1 andSi = S(−)
i−n1

if i > n1. Further, we assume Pi admits a Tucker tensor decomposition (Tucker,

1966) as

Pi = Gi ×1 U1 ×2 · · · ×D UD, for i = 1, . . . , n, (4.2)

where Gi ∈ Rr1×···×rD is a latent tensor factor with rd ≪ pd for d = 1 . . . , D, and Ud ∈ Rpd×rd is a

factor loading matrix for the d-th mode of Xi.

The tensor factor model (4.2) is flexible in the sense that both the latent tensor factor Gi and factor

loading matrices {U1, . . . , UD} are unobservable. Thus, like classical factor models, model (4.2) has

identifiability issues. To be specific, let {Hd ∈ Rrd×rd}Dd=1 be a set of orthogonal matrices. Then, model

(4.2) also holds for the latent tensor factor Gi ×1 H
−1
1 ×2 · · · ×D H−1

D and factor loading matrices

{U1H1, . . . , UDHD}. To facilitate the discussions in estimation and theoretical analysis, we impose

the identification conditions as p−1
d UT

d Ud = Ird for d = 1, . . . , D. Please note that the identification

conditions will not create any problems for our estimation method as we are mainly interested in estim-

ating the linear space spanned by the columns of Ud, which is the same as the one spanned by UdHd.

Additionally, the proposed augmented tensor factor model can easily be generalized to multiple samples.

To keep our presentation focused, we will not discuss this further in this chapter.

4.2.2 Matricization and PCA Estimation

Motivated by the PCA estimation of the classical factor models, we introduce a PCA type tensor factor

model estimation method based on tensor matricization. In this subsection, we assume the ranks r1, . . . , rD

are known for the ease of presentation. The estimation of ranks will be discussed in Section 4.2.3. Recall

that, we denote the mode-d matricization of Xi as X (d)
i ∈ Rpd×

∏
m ̸=d pm . Then, we can rewrite (4.1) and

(4.2) as D matrix variate factor models (e.g. E. Y. Chen and Fan, 2021; E. Y. Chen et al., 2019; D. Wang

et al., 2019), i.e.
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

X (1)
i = U1G(1)

i UT
−1 + S(1)

i ,

...

X (d)
i = UdG(d)

i UT
−d + S(d)

i , for i = 1, . . . , , n,

...

X (D)
i = UDG(D)

i UT
−D + S(D)

i ,

(4.3)

where G(d)
i and S(d)

i are mode-d matricizations of Gi and Si, and U−d = ⊗m̸=dUm.

To estimate the factor loading matrix Ud, we first compute the model-d sample variance covariance

matrix Σd ∈ Rpd×pd as

Σd =
1

npπ

n∑
i=1

X (d)
i X (d)T

i , for d = 1, . . . , D,

where pπ =
∏D

d=1 pd is the product of all D dimensions.

Next, we apply an eigen-decomposition to each Σd. Let λ(d)
1 ≥ · · · ≥ λ

(d)
pd be the eigenvalues of Σd

sorted in the descending order and v
(d)
1 , . . . , v

(d)
pd be the corresponding eigenvectors. For a given rank

rd, we propose to estimate Ud by

Ûd := Ûd(rd) =
√
pd

(
v
(d)
1 , . . . , v(d)

rd

)
, for d = 1, . . . , D.

By collecting all estimates of factor lading matrices and utilizing identification conditions, we estimate the

tensor latent factors by

Ĝi =
1

pπ
Xi ×1 Û

T
1 ×2 · · · ×D ÛT

D , for i = 1, . . . , n.
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Then, naturally, we estimate the pervasive and specific components by

P̂i = Ĝi ×1 Û1 ×2 · · · ×D ÛD (4.4)

and Ŝi = Xi − P̂i, for i = 1, . . . , n.

4.2.3 Estimation of Ranks

Estimating the ranks of tensor factor models is a challenging problem due to the unsupervised nature of

the task. The matricization decomposes the mode-D tensor factor model into D matrix variate factor

models as in (4.3). This motivates us to borrow the wisdom from classical factor model inference literature

(e.g. Ahn and Horenstein, 2013; Bai and Ng, 2002; Chamberlain and Rothschild, 1982; Chang et al., 2015;

Lam and Yao, 2012; Stock and Watson, 2002).

For every mode d, we use the modified eigen-ratio method (Chang et al., 2015) to estimte the fixed

but unknown rank rd. Let λk(Σd) the k-th largest eigenvalue of the model-d sample variance-covariance

matrix, Kmax be a prescribed upper bound, and C be a small positive constant. We propose to estimate

rd by

r̂d = argmin
1≤k≤Kmax

λk(Σd) + C

λk+1(Σd) + C
, for d = 1, . . . , D. (4.5)

The threshold Kmax controls the computational cost. It represents the belief of the largest possible

value of rd. To avoid random spikes when λk+1(Σd) is close to 0, a small positive constant C is used.

4.2.4 Theoretical Results

In this subsection, we investigate the theoretical properties of the proposed estimators. All assumptions,

technical lemmas, and proofs can be found in the appendices.

Theorem 4.1 (Convergence of factor loading matrices). Suppose Assumptions 1 - 3 in Appendix A hold.

We assume the ranks {rd}Dd=1 are fixed, but allow sample size n and dimensions {pd}Dd=1 to diverge. Then,
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we have

∥Ûd −UdHd∥2F = Op(
1

pd
+

p2d
npπ

), for d = 1, . . . , D,

where {Hd ∈ Rrd×rd}Dd=1 is a set of orthogonal matrices.

Theorem 4.1 shows our model-d factor loading matrix estimator can consistently estimate the truth

up to an rd by rd orthogonal matrix. Further, detailed analysis in the proof of Theorem 4.1 shows that

Hd =
1

npd

∑n
i=1 G

(d)
i G(d)T

i UT
d ÛdΛ

−1
d with Λd = (λ1 . . . , λrd) being a diagonal matrix.

Theorem 4.2 (Convergence of latent tensor factors). Suppose Assumptions 1 - 3 in Appendix A hold. We

assume the ranks {rd}Dd=1 are fixed, but allow sample size n and dimensions {pd}Dd=1 to diverge. With the

same {Hd}Dd=1 as in Theorem 4.1, we have, for i = 1, . . . , n,

∥Ĝi − Gi ×1 H
−1
1 ×2 · · · ×D H−1

D ∥2F = Op

(
1

n
+

D∑
d=1

1

pd

)
.

Theorem 4.2 provides an estimation error upper bound for the latent tensor factors. The convergence

rate depends on both sample size, n, and dimension {p1, . . . , pD}. This “blessing of dimensionality"

phenomenon is in line with classical factor model analysis, as noted in references such as (Bai, 2003) and

(Fan et al., 2008). Theorems 4.1 and 4.2 allow for consistent estimation of both the pervasive and specific

components. When
∑D

i=1 p
2
d < pπ, some simple algebra shows that, for i = 1, . . . , n, we have

∥∥∥P̂i − Pi

∥∥∥2
F
= Op

(
1

n
+

D∑
d=1

1

pd

)

and
∥∥∥Ŝi − Si

∥∥∥2
F
= Op

(
1

n
+

D∑
d=1

1

pd

)
.
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Theorem 4.3 (Convergence of ranks). Suppose Assumptions 1 - 3 in Appendix A hold. We assume the true

ranks {rd}Dd=1 are fixed, but allow sample size n and dimensions {pd}Dd=1 to diverge. Then, we have

P (r̂d = rd) → 1, for d = 1, . . . , D.

Theorem 4.3 demonstrates that the modified eigen-ratio method can correctly estimate all ranks with

high probability. Theorem 4.3 offers a theoretical guarantee for the challenging rank estimation problem

and is of independent interest.

4.3 Factor Adjustment for Overlapping Image Classification

In this section, we focus on applying the augmented tensor factor model proposed in Section 4.2 to address

challenges in overlapping image classification. To illustrate our ideas, we consider a binary classification

between two sets of gray-scale images. Let {X (+)
i ∈ Rp1×p2}n1

i=1 and {X (−)
i ∈ Rp1×p2}n2

i=1 be two

observable sets of images with positive and negative class labels, respectively. Without loss of generality,

we assume the images have been pre-processed to have a fixed size of p1 by p2 pixels. Denote {Xi}ni=1 =

{X (+)
i }n1

i=1 ∪ {X (−)
i }n2

i=1 be the augmented sample with n = n1 + n2. Our goal is to train a classifier on

this sample and predict the class label of images in a testing sample {X̃i ∈ Rp1×p2}mi=1.

To avoid the distraction of the pervasive component and improve the classification accuracy, we pro-

pose a tensor factor adjustment image classification procedure which can be introduced by the following

two phases.

Training phase

1. We treat the training sample as a three-way tensor {Xi}ni=1 and model it with the augmented tensor

factor model

Xi = Gi ×1 U1 ×2 U2 + Si, for i = 1, . . . , n.
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Figure 4.2: A flowchart for the training phase of the factor adjustment method.

2. Obtain the matricization of the above tensor factor model by the method introduced in Section

4.2.2.

3. Estimate the ranks by the modified eigen-ratio method introduced in Section 4.2.3.

4. Estimate factor loading matrices and latent tensor factors by the method introduced in Section

4.2.2. Then, by (4.4), we estimate the specific components as {Ŝi}ni=1.

5. We train a classifier on {Ŝi}ni=1 with the true class labels.

Testing phase

1. We regress the testing sample {X̃i}mi=1 onto the estimated factor loading matrices from the training

phase.

2. Estimate the specific components of the testing sample as the regression residuals, denoted as

{S̃i}mi=1.
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3. We apply the classifier trained in the training process to classify {S̃i}mi=1. The classification results

will be used to predict the class labels of {X̃i}mi=1.

The flowcharts for the training and testing phases are summarized in Figure 4.2 and Figure 4.3, re-

spectively.

Figure 4.3: A flowchart for the testing phase of the factor adjustment method.

4.4 Synthetic Experiments

In this section, we carefully evaluate the performance of the proposed tensor factor adjustment image

classification procedure using various synthetic experiments. In Section 4.4.1, we present the experiment

settings and implementation details. The results of the experiments are reported and analyzed in Section

4.4.2.
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4.4.1 Experiment Settings

For each experiment, we generate a positive sample {X (+)
i }n1

i=1 and a negative sample {X (−)
i }n2

i=1 from

the following tensor factor model


X (+)

i = βGi ×1 U1 ×2 U2 + S(+)
i +Wi,

X (−)
i = βGi ×1 U1 ×2 U2 + S(−)

i +Wi,

where β is a nonnegative scalar parameter to control the overlapping amount between the positive and

negative samples, and Wi is a white noise term to add some randomness to the specific components.

The data-generating process for each component in the above model is summarized as follows.

1. The elements in latent tensor factors {Gi}n1+n2
i=1 are drawn from i.i.d. uniform distribution between

−a and a, where a is a positive parameter to partially control the signal to noise ratio.

2. The factor loading matrices U1 and U2 are designed to be orthonormal matrices to satisfy the

identification conditions.

3. The elements in the white noise term Wi are drawn from i.i.d. standard Gaussian distribution.

4. The specific components S(+)
i and S(−)

i are generated from some class specific image patterns. To

be specific, we consider the following four pairs of image patterns: (a) none vs. random filled circle;

(b) random filled square vs. random filled circles; (c) random filled oval vs. random filled circles,

and (d) random handwritten 1 vs. random handwritten 7 drawn from the MNIST dataset. We

illustrate these four settings in Figure 4.4.

Each synthetic example consists of a signal component, denoted as Si +Wi, and a noise component,

denoted as Gi ×1 U1 ×2 U2. In order to ensure a fair comparison across all settings, it is important to

control the signal-to-noise ratio at an approximate level in each setting. While the signal component can

be easily held and set to a desired amount since its generation procedure is identical for each setting and
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Figure 4.4: Synthetic specific component examples for each setting.

irrelevant to ranks, the noise amount is sensitive to the ranks of the pervasive component, which affects

the signal-to-noise ratio of the generated images.

To achieve the fixed signal-to-noise ratio goal, we must control the noise amount with the signal

amount unchanged. In our experiments, we measure the noise amount using the variance of the pervasive

component elements, which can be denoted as Var(vec(P)) if we vectorize {Pi}n1+n2
i=1 into a column

vector vec(P). We can approximate the variance as follows:

Var(vec(P)) ≈ Var(vec(G)) ·
2∏

i=1

ri · Var(vec(Ui)) =
a2r1r2
3p1p2

,

where Var(vec(G)) and Var(vec(Ui)) are the variances of the factor loading matrix vectorizations and a,

ri, pi are parameters of the model, with i = 1, 2.

When fixing the parameter a but increasing the ranks (r1, r2), the variance Var(vec(P)) increases,

which leads to an increase in noise amount and a decrease in signal-to-noise ratio. Figure 4.5 (a) shows the

variance change using density plots of pervasive component elements. To keep all settings at approximately

the same signal-to-noise ratio, we adjust the parameter a as a(r1, r2) = σ
√

3p1p2
r1r2

, where σ is the desired

noise level. This ensures that the value of Var(vec(P)) remains unchanged at σ2. Figure 4.5 (b) provides

examples after the parameter adjustment, where all the distributions are centered around a similar range.

Further, we use the parameter β to control the overlapping ratio between the two classes. When we

increase β, the pervasive components weigh more in both classes; hence, the true signals in the specific
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ranks: (8, 8); 𝒂: 10 ranks: (16, 16); 𝒂: 10 ranks: (32, 32); 𝒂: 10

ranks: (8, 8); 𝒂: 8.59 ranks: (16, 16); 𝒂: 4.3 ranks: (32, 32); 𝒂: 2.15

(a)

(b)

Figure 4.5: Example density plots of the simulated pervasive component elements (a) with and (b) without para-
meter a adjustment. (a) keep the value of parameter a fixed at 10, as ranks increase from (8, 8) to (32, 32), the
distribution of the simulated pervasive component elements became more spread out. (b) adjust the parameter a
according to the ranks. The pervasive component elements are controlled to be distributed within a similar range.

components are harder to recognize. Figure 4.6 provides a list of synthetic examples withβ increased from

1 to 9. When the pervasive component dominates the data-generating process, as expected, the images in

positive and negative classes are very hard to distinguish.

4.4.2 Implementation and Results

As outlined in Section 4.4.1, we generate synthetic images using the four signal settings demonstrated

in Figure 4.4. For each setting, we set the image sizes to be p1 × p2 = 128 × 128 and the sample sizes

n1 = n2 = 2, 400. The ranks (r1, r2) are set as (8, 8), (16, 16) and (32, 32) to cover low to moderate

rank settings. The generated samples are then divided into training, validation, and testing sets as specified

in Table 4.5.1. Throughout this chapter, we use a modified VGG16 model introduced in Section 3.4.1 as
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Figure 4.6: Visualization of synthetic examples. (a) none vs. circle with ranks (8, 8) and β = 1; (b) square vs.
circle with ranks (16, 16) and β = 3; (c) oval vs. circle with ranks (32, 32) and β = 6; (d) one vs. seven with ranks
(64, 64) and β = 9. For each panel, the three columns from left to right represent specific components (signal with
white noise), pervasive components (overlapping noise), and observed images.

our binary image classifier. We use the training set to train our classifier and the validation set to tune hyper-

parameters. The trained classifier will be used to predict the class labels in the test set. The prediction

accuracy is measured by the correct classification rate.

For each signal setting, we consider and compare the following three scenarios.

Non-overlapping:We generated a pair of non-overlapping positive and negative samples {X (+)
i }n1

i=1 and

{X (−)
i }n2

i=1 by setting the overlapping parameter β = 0. Then, it is equivalent to directly train and test

the classifier on specific components plus white noises, i.e., {S(+)
i +Wi}n1

i=1 and {S(−)
j +Wj}n2

j=1.

Overlapping: We set the overlapping parameter β to be large enough such that the modified VGG16

classifier behaves as badly as random guesses, i.e., the correct classification rate on the testing set is about
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0.5. In this scenario, we simulate the images that are highly overlapping between two classes, and most

existing classifiers are not tailored to handle such cases.

Factor adjustment: We use the same highly overlapping data as generated in the overlapping scenario

but apply the factor adjustment procedure as described in Section 4.3. Then, the classifier is trained and

tested on the estimated specific components {Ŝi}n1+n2
i=1 instead of the overlapping raw samples.

Table 4.4.1 presents the detailed experiment results. In all scenarios, the modified VGG16 classifier can

perfectly predict the true class labels in the testing set for non-overlapping cases, but performs as poorly as

random guesses for overlapping cases. This demonstrates that the presence of pervasive components can

greatly hinder even simple image classification tasks, as the two classes are highly overlapping or correlated

with each other. However, as expected, the proposed factor adjustment method effectively recovers the

true signals dominated by the pervasive component and decorrelates the two overlapping classes. As a

result, the factor adjustment method achieves near-perfect correct classification rates for all scenarios. In

general, the factor adjustment method works as if we were classifying with the true signals.

Table 4.4.1: Correct classification rate on testing set for synthetic experiments.

Dataset Ranks (r1, r2)
(8, 8) (16, 16) (32, 32)

None Non-overlapping 0.995
vs. Overlapping 0.5 0.5 0.5

Circle Factor adjusted 0.995 0.995 0.9975
Square Non-overlapping 1.0

vs. Overlapping 0.5 0.5 0.5
Circle Factor adjusted 0.995 0.995 0.9975
Oval Non-overlapping 1.0

vs. Overlapping 0.5 0.5 0.5
Circle Factor adjusted 1.0 0.9925 0.975
One Non-overlapping 0.9925
vs. Overlapping 0.5 0.5 0.5

Seven Factor adjusted 0.9875 0.9875 0.9825
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Figure 4.7: Sample images in the COVID-19 CXR dataset.

4.5 Frontal Chest X-ray Image Classification for COVID-19 Dia-

gnostic

The repeated waves of COVID-19 have infected over 660 million people and resulted in over 6.5 million

deaths worldwide since its emergence in early 2020. Recently, a new wave of infections hit China as

it relaxed its "Zero-COVID" policy. While nucleic acid amplification tests and antigen tests are widely

accepted for detecting positive cases, frontal chest X-ray (CXR) image analysis remains a prominent

method for diagnosing lung infections and pneumonia, which can be critical indicators for potential

severe symptoms of COVID-19 (Ismael and Şengür, 2021; Jain et al., 2021; H. Li et al., 2022). However,

the typical appearance of a COVID-19 lung infection can be complex for non-experts to recognize, as

the differences between negative and positive images are subtle and largely obscured by pervasive noises

such as skeletons, organs, and shadows. In that sense, it is essential to develop an accurate and efficient

classification method to adjust for pervasive noises and identify positive CXR images from negative ones.
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In this section, we apply the proposed augmented tensor factor model and factor adjustment method to

tackle this task.

Table 4.5.1: Synthetic and real data splitting sample sizes.

Synthetic Images COVID-19 CXR Images
Negative Class Positive Class Negative Class Positive Class

Training 2,000 2,000 1,223 2,325
Validation 200 200 200 200

Testing 200 200 200 200

4.5.1 Data Description

The dataset we study is collected and provided by the Society for Imaging Informatics in Medicine (SIIM) 1.

The dataset combines high-quality CXR images from the existing public BIMCV (Vayá et al., 2020) and

MIDRC-RICORD (Tsai et al., 2021) COVID-19 datasets and annotates these chest radiographs by 22

radiologists. Following the guidelines listed in (Lakhani et al., 2021), radiologists have annotated CXR

images into four mutually exclusive categories, including “Negative for Pneumonia”, “Typical Appearance

for COVID-19”, “Indeterminate Appearance for COVID-19” and “Atypical Appearance for COVID-19”.

Such a labeling strategy is based on the prior knowledge of radiographic manifestations of COVID-19 and

can contribute to the consistency in radiology reporting (Litmanovich et al., 2020).

In this section, we consider a binary classification problem by focusing on images from the“Negative

for Pneumonia” and “Typical Appearance for COVID-19” classes. To keep the presentation simple, we

denote “Negative for Pneumonia” as the negative class and “Typical Appearance for COVID-19” as the

positive class. The negative and positive classes contain 1, 623 and 2, 725 images, respectively. All images

have been pre-processed to have a fixed size of 128× 128 gray-scale pixels. Figure 4.7 lists several sample

images from both positive and negative classes. From a non-professional perspective, the images from

the two classes are highly overlapping as they are dominated by skeletons and organs with no valuable
1Avaliable at https://www.kaggle.com/c/siim-covid19-detection
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Figure 4.8: Examples of the raw images, the estimated pervasive components, and the estimated specific compon-
ents from the test CXR images.

information to diagnose COVID-19. The useful information resides in the lung area, but the signals are

weak and largely obscured by pervasive noises. In our experiment, we randomly divide both positive and

negative classes into training, validation, and testing sets, as detailed in Table 4.5.1.

4.5.2 Analysis Results

We perform image classification on positive and negative classes of COVID-19 using a modified VGG16

classifier. The classifier is trained on the training set, and its hyperparameters are fine-tuned utilizing the

validation set. Subsequently, the trained classifier is employed to predict class labels in the test set. Due

to the imbalanced nature of the two classes, a threshold of 0.66 is utilized instead of the standard 0.5 to

account for the sample size ratio in the training set. The resulting classification accuracy is 71%, which is

considered as the baseline performance and presented in Table 4.5.2. The baseline performance results in

52 false-positive errors (misclassifying negative cases as positive) and64 false-negative errors (misclassifying

positive cases as negative).

Next, we apply the factor adjustment procedure as outlined in Section 4.3. We estimate and adjust

the pervasive components during the training and prediction of class labels. The ranks are selected using

the modified eigen-ratio method described in Section 4.2.3. Specifically, after setting the prescribed upper

bound to one-fourth of the tensor size (Kmax = 32), the eigen-ratio method chooses (r1, r2) = (28, 30).
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Figure 4.9: Histograms and density plots of classification probabilities for test images: (a) the modified VGG16
model trained on overlapping and (b) factor adjustment method. In both panels, the red vertical line represents the
classification threshold.

Figure 4.8 illustrates several pairs of positive and negative CXR images in the testing set, along with

their estimated pervasive and specific components. The pervasive components effectively identify the

human skeleton regions, while the estimated specific components are more focused on the lung area in

comparison to the raw images. Figure 4.9 compares the classification probabilities of test images predicted

by the modified VGG16 model trained on raw overlapping samples (left panel) and the factor-adjusted

samples (right panel). The raw samples have heavily overlapping positive and negative classes, making

it challenging to establish a clear threshold. However, the factor-adjusted method reduces the overlap

between the two classes and skews the negative class prediction distribution towards0 and the positive class

prediction distribution towards 1, indicating a more distinguishable estimation of specific components.

The correct classification rate for the factor-adjusted method is 81.5%, which is a 10.5% improvement

from the baseline. Both false-positive and false-negative values are also reduced.
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Table 4.5.2: Summary of classification results on COVID-19 CXR testing images.

Kmax Accuracy AUC FP FN
Overlapping – 0.71 0.8132 52 64

Factor Adjusted

16 0.7725 0.8574 58 33
32 0.815 0.8673 39 35
64 0.7775 0.8491 43 46
128 0.755 0.8279 40 58

4.6 Conclusion and Future Work

This chapter is motivated by a COVID-19 chest X-ray image classification problem, where the positive and

negative classes are largely overlapping as the images are dominated by common noises such as skeleton,

organs, and shadow. The specific signals that can separate the two classes are weak and obscured by

pervasive noises. We introduced a tensor factor model that decomposes the augmented samples into

pervasive and specific components. The pervasive component is characterized by the production of latent

tensor factors and factor loading matrices. We proposed a matricization plus PCA strategy to estimate

this tensor factor model and investigated the theoretical properties of our estimators. Then, we developed

a factor adjustment procedure to remove the pervasive component and apply the classifier directly on the

specific components. The intuition is to adjust the noises present in the pervasive component and improve

the signal-to-noise ratio in classification. The empirical performance of this procedure is well justified by

various synthetic experiments. In the application of frontal chest X-ray image-based COVID-19 diagnosis,

our method improves the baseline by 10.5% in terms of classification accuracy.

The choice of upper bound Kmax in our proposed method can have an impact on the signal-to-noise

ratio, as shown in Table 4.5.2. The classification accuracy initially increases and then decreases as Kmax

increases. When Kmax is small, the model may not effectively remove enough noise from the specific

signals. On the other hand, if Kmax is too large, over-factorization of the data tensor may result in the

pervasive component including not only noise but also signal. This can lead to partial removal of the
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specific signals and poor performance on the testing images as the classifier has not learned enough from

the training data. These findings suggest the need for further research in this area.
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Chapter 5

Statistical and Machine Learning

Models for COVID-19 Mortality

Prediction

In this chapter, we conduct a comprehensive analysis of various statistical and machine learning models for

forecasting daily deaths due to COVID-19 in the United States. The chapter is organized into four main

sections, with the first section, Section 5.2, providing details on the data used in the study. Section 5.3 in-

troduces the rolling-validation strategy and the machine learning models evaluated, including a discussion

on incorporating eXogenous variables. The results of the experiments comparing the performance of the

models are presented in Section 5.4. Finally, Section 5.5 compares the best model found in our experiments

with 18 other models submitted to the United States Centers for Disease Control and Prevention (CDC)

over a continuous 52-week period starting in December 2020 and ending in December 2021. These results

are based on the findings of (Chaudhari et al., 2021; Toutiaee et al., 2021).
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5.1 Introduction and Related Work

The coronavirus disease 2019 (COVID-19) began spreading at the start of 2020 and has since spread to every

continent and country worldwide. On March 11th, 2020, the World Health Organization (WHO) officially

declared COVID-19 a pandemic. To date, the pandemic has resulted in over 758 million confirmed cases

and nearly 7 million deaths globally. The United States has been one of the countries hardest hit by

the pandemic, with over 102 million cases and over 1 million deaths (‘WHO Coronavirus (COVID-19)

Dashboard’, 2021). COVID-19 has presented a rare opportunity for the study of pandemics due to the

increased collection of data. Since the onset of the pandemic, various organizations have been gathering

and compiling a wide range of healthcare data related to the pandemic, including the number of confirmed

cases, deaths, hospitalizations, patients in Intensive Care Units (ICU), and individuals vaccinated.

The ability to accurately forecast the number of COVID-19 infections and deaths is crucial for health-

care workers and policymakers, as it enables them to effectively manage resources, control outbreaks, and

take preventive measures to protect public health. The COVID-19 Forecast Hub 1 has collected hundreds

of thousands of predictions from over 50 academic, industry, and independent research groups, who have

used a variety of models, including SEIR-like models (Karlen, 2020; Srivastava et al., 2020), curve-fitting

models (Nishimoto and Inoue, 2020), predictive models (COVID, Murray et al., 2020), and ensemble

models (Abbott et al., 2020).

In this chapter, we focus on predictive modeling techniques, specifically machine learning and stat-

istical models such as Seasonal Autoregressive Integrated Moving Average (SARIMA), SARIMA with

eXogenous factors (SARIMAX), Vector Auto-Regressive (VAR), and Minimax Concave Penalty (MCP).

These models have the potential to provide accurate short- and near-term forecasts due to their high

parameterizability and data-dependence. On the other hand, other techniques that incorporate the un-

derlying mechanics of the pandemic, such as SEIR models, may perform better for longer-term forecasting

(Furtado, 2021).
1Avaliable at https://covid19forecasthub.org/eval-reports/
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Figure 5.1: Daily Deaths in the US

We extend current research on pandemic modeling by examining statistical and machine learning

methods for forecasting daily deaths caused by COVID-19 in the United States. We focus on daily deaths

because of their critical importance and their impact on model interpretability. Although cumulative

deaths have also been studied, models tend to perform similarly as they predict slowly changing large

numbers, while differences become more pronounced when focusing on daily deaths. Figure 5.1 shows

the daily deaths and weekly moving average in the US.

In addition, we incorporate exogenous medical information-related variables, such as “COVID-19

hospitalizations”, “test positivity rate”, and “number of individuals vaccinated”, to improve the perform-

ance of our predictive models. We demonstrate that such exogenous medical variables combined with

lagged variables within the predictive models can significantly enhance prediction accuracy and facilitate

the monitoring of virus spread.

5.2 Data Description

Since the start of the pandemic, there have been numerous publicly available datasets for COVID-19

cases, deaths, hospitalizations, and other relevant information. However, these datasets each have their
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own strengths and limitations. For instance, the COVID Tracking Project dataset 2 was used by many

research groups, but it ceased collecting data on March 7th, 2021, after starting on January 13th, 2020.

The official CDC COVID Data Tracker dataset 3 and the dataset provided by the Center for Systems

Science and Engineering at Johns Hopkins University (CSSE-JHU) (Dong et al., 2020) have the most

up-to-date time-series data on COVID-19 cases and deaths in the US, but they do not include information

on hospitalizations, which is crucial for our study.

In our research, we utilize the COVID-19 dataset provided by Our World In Data (OWID) (Ritchie et

al., 2020), which is currently the most comprehensive dataset on COVID-19 cases, deaths, hospitalizations,

ICU patients, tests, vaccination, and other relevant information. The data is aggregated from multiple

sources, with death and case data collected from the CSSE-JHU dataset. In addition to national-level

daily deaths and cases, the dataset also includes several medical variables, such as “hospitalized patients”,

“ICU patients”, “individuals vaccinated”, and “people fully vaccinated”.

The data we collected spans from January 22nd, 2020 to December 4th, 2021 (683 days), excluding the

first 38 days due to missing values. We start from February 29th, 2020, when the first COVID-19 death

in the US was recorded. As a result, the national-level time-series analyzed in our research encompasses

645 days. We use the first 258 days as the initial training set and employ a two-week ahead rolling window

forecast on the remaining 387 days as the test set.

5.3 Methods

5.3.1 Rolling Validation for Multiple Horizons

Classical multi-fold cross-validation approaches are not suitable for time-series data due to serial depend-

ence. In this chapter, we adopt a rolling validation scheme. As stated in Section 5.2, we reserve 258 days

in the time series as the training set and use the remaining 387 days for a rolling window forecast. The

model is trained on the training set and used to make a 14-day ahead prediction. Then, the rolling window
2Avaliable at https://covidtracking.com/data/national
3Avaliable at https://covid.cdc.gov/covid-data-tracker
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Figure 5.2: Graphical illustration of (a) rolling-validation scheme and (b) horizon level prediction.

is moved forward by one day, which involves appending the first value from the test set to the training

set and removing the first value from the training set. This process is repeated until the rolling window

reaches the end of the test set, and 14-day forecasts are obtained at each step. This procedure is depicted

in Figure 5.2 (a).

In the end, predictions are generated for all 14 horizon levels, where the horizon (h) refers to the

number of days into the future for which forecast values are generated. For instance, the prediction values
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on horizon level h = 1 are obtained by aggregating the first-day forecasts of each rolling window. The

accuracy of the predictions is measured using the symmetric mean absolute percentage error (sMAPE),

with a smaller value indicating better performance. The procedure is illustrated in Figure 5.2 (b).

(a) (b)

Figure 5.3: (a) PACF; (b) ACF plot of the daily deaths.

5.3.2 SARIMA and SARIMAX

The Partial Auto-Correlation Function (PACF) on the daily deaths data, as presented in Figure 5.3 (b),

shows the first 15 lags are significant and there is a clear weekly pattern. Weekly seasonality of daily deaths

can also be observed using the Auto-Correlation Function (ACF), as shown in Figure 5.3 (a). Then, we

propose to fit the daily deaths by a Seasonal Auto-Regressive, Integrated, Moving Average (SARIMA)

(Arunraj et al., 2016) model defined as

φp(B)ΦP (Bs)∇u∇v
szt = θq(B)ΘQ (Bs) εt, (5.1)

where zt is a variable to forecast, i.e., the logarithm of daily deaths, t = 1, 2, . . . , φp(B) is a regular AR

polynomial of orderp, θq(B) is a regular MA polynomial of order q,ΦP (Bs) is a seasonal AR polynomial

of order P , and ΘQ (Bs) is a seasonal MA polynomial of order Q. The differencing operator ∇u and the

seasonal differencing operator ∇v
s eliminate the non-seasonal and seasonal non-stationarity, respectively.

The SARIMA with eXogenous factor (SARIMAX) model is an extension of the SARIMA model in

(5.1), which can include exogenous variables, such as hospitalization, ICU occupancy rate, and vaccination
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rate. The SARIMAX model can be defined as:

φp(B)ΦP (Bs)∇u∇v
szt = θq(B)ΘQ (Bs) εt +

m∑
i=1

βix
i
t,

where {x1
t , . . . , x

m
t } are the m exogenous variables defined at time t with coefficients {β1, . . . , βm}.

Further, we apply a log transformation to stabilize the changing variance.

5.3.3 Minimax Concave Penalty

We also consider a penalized linear regression approach to predict daily deaths by historical data and

medical variables. We denote z∗t = log zt − log z(t−7) as the weekly log-return of daily deaths at time

t and xt are m explanatory medical variables at time t. We linearly regress z∗t on {z∗t−k, . . . , z
∗
t−(2k−1)}

and {xt−k, . . . ,xt−(2k−1)}, where k = 14, as we are conducting a 14-day ahead forecast. Since the

medical variables are highly correlated, we first implement a sure independent screening (Fan and Lv,

2008) procedure to reduce the dimensionality of xt. As a result, only the top seven explanatory variables

are included in the following partial penalized regression model:

Q(β | X, z) =
1

2N
∥z∗ −X†β∥2 +

k(m+1)∑
j=1

Pγ (βj;λ) ,

where z∗ = (z∗1 , . . . , z
∗
N)

T ∈ RN is the vector of weekly log-return of daily deaths over a sample size

N , X† ∈ RN×k(m+1) is the augmented design matrix of all predictors (e.g. lags of zt and explanatory

variables), and β = (β1, ..., βk(m+1))
T is a vector of unknown regression coefficients. Pγ(·;λ) is the

Minimax Concave Penalty (MCP) (C.-H. Zhang, 2010) which satisfies

Pγ(β;λ) =

 λ|x| − β2

2γ
, if |β| ≤ γλ,

1
2
γλ2, if |β| > γλ.
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Since k(m+ 1) predictors in the regression model tend to overfit, the number of predictors has been

reduced from k(m + 1) to m∗ = 7. The m∗ = 7 explanatory variables are the top m∗, which have

larger marginal Pearson’s correlation coefficients with the response variable. We also tried the L1 penalty

(LASSO) (Tibshirani, 1996) and smoothly clipped absolute deviation (SCAD) (Gu and Gu, 2013) as two

alternative penalty functions. We find MCP performs the best among the three due to its smaller penalty

away from zero.

5.3.4 Vector Auto-Regressive Model

Vector Auto-Regression (Zivot and Wang, 2006) is another popular approach to model and predict mul-

tivariate time series. For a d-dimensional response vector of interest, say:

zt = (z
(1)
t , z

(2)
t , . . . , z

(d)
t )T,

a vector auto-regressive model of order q, i.e. VAR(q), is defined as

zt = α+ Φ(0)zt−q + Φ(1)zt−q+1 + . . .+ Φ(q−1)zt−1 + ϵt,

whereα ∈ Rd is an intercept vector,Φ(s) ∈ Rd×d for s = 0, . . . , p−1 are regression coefficient matrices,

and ϵt ∈ Rd is an error vector.

Similar to the data pre-processing procedure described in Section 5.3.3, a weekly log-return has been

applied to both the response vector and medical variables to remove the seasonality.
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Table 5.3.1: Multi-Horizon (h) Rolling Forecasts for the United States (National Level Data): Competitive Models
(sMAPE).

Horizon SARIMA SARIMAX MCP VAR
h = 1 19.42 18.49 20.50 20.26
h = 2 20.21 19.18 20.96 20.86
h = 3 20.82 19.33 21.56 21.34
h = 4 21.30 19.87 21.87 21.64
h = 5 21.46 19.71 21.93 21.64
h = 6 22.08 20.22 22.01 21.61
h = 7 22.44 20.40 22.06 21.50
h = 8 25.57 22.18 25.77 24.51
h = 9 26.07 22.49 25.84 24.67
h = 10 26.74 22.53 26.48 24.88
h = 11 27.81 22.96 26.77 25.06
h = 12 28.40 22.74 26.79 25.12
h = 13 29.46 23.28 27.04 25.19
h = 14 29.65 23.45 27.29 25.28
Average 24.39 21.20 24.06 23.11

5.4 Experiments and Numerical Results

5.4.1 Hyperparameters

SARIMA: In the SARIMA model, the hyperparameter,p, was tuned from1 to6, and the best-performing

model was SARIMA (2, 1, 4)× (3, 1, 1, 7).

SARIMAX: For the SARIMAX model, medical variables such as “icu_patients”, “hosp_patients”,

“people_vaccinated”, etc. were selected among several hospitalization and vaccination-related variables.

The hyperparameter, p, was also tuned following the same strategy as in the SARIMA model. The

best-performing model was SARIMAX (1, 1, 4) × (3, 1, 1, 7) with medical variables “hosp_patients”,

“new_tests”, “total_tests” and “people_fully_vaccinated”.
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MCP: In the MCP model, serial dependence among daily new cases in hospitals was considered. The

new hospitalized count for each day was dependent on the previous 14 days of observations. The regular-

ized parameters in MCP were selected through multi-fold cross-validation, resulting in 7 predictors being

included in the MCP model.

VAR: Like the SARIMAX model, the VAR model contains multiple predictors, including “icu_patients”,

“hosp_patients”, “positive_rate”, and “new_deaths”. The hyperparameters were selected using the Bayesian

Information Criterion (BIC).

Table 5.4.1: Compare the forecast performance of the SARIMAX model with that of models generated by CDC
groups.

Groups
1 Week
Ahead

Forecast

2 Weeks
Ahead

Forecast

3 Weeks
Ahead

Forecast

4 Weeks
Ahead

Forecast
Karlen 9.69(1) 10.81(1) 14.03(1) 20.87(3)
USC 12.33(2) 13.06(2) 16.38(2) 20.55(1)

BPagano 12.74(3) 14.97(3) 18.23(3) 20.62(2)
SARIMAX 15.35(4) 19.22(6) 22.61(6) 25.57(5)
Ensemble 15.37(5) 18.04(5) 21.07(5) 26.43(6)

CovidComplete 15.43(6) 17.33(4) 20.59(4) 26.58(7)
JHU-APL 16.32(7) 19.52(8) 24.39(8) 25.08(4)

GT-DeepCOVID 16.74(8) 20.77(10) 26.95(12) 34.29(14)
UMass-MB 16.78(9) 20.11(9) 26.61(10) 30.05(11)
JHU-CSSE 16.89(10) 19.37(7) 23.57(7) 27.11(8)

UCSD-NEU 17.51(11) 21.67(12) 26.80(11) 29.33(10)
MOBS 17.98(12) 21.29(11) 25.79(9) 29.30(9)

UM 18.03(13) 24.25(16) 29.88(16) 34.32(15)
LSHTM 19.03(14) 23.06(13) 27.85(13) 32.13(12)

MIT-ORC 19.20(15) 23.10(14) 29.61(14) 36.90(16)
ESG 19.97(16) 25.00(17) 31.65(17) 39.47(17)

Columbia 20.77(17) 24.20(15) 29.73(15) 33.45(13)
DDS 24.57(18) 44.77(18) 64.72(19) 72.20(19)
PSI 31.86(19) 44.81(19) 54.36(18) 61.16(18)
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5.4.2 Results

In this section, we compare the performance of all the models discussed in Section 5.3. For each model,

we make a 14-day ahead rolling window forecast as described in Section 5.3.1. The forecast performance is

measured by the sMAPE score at each horizon 1 ≤ h ≤ 14. The results of the national-level forecast are

reported in Table 5.3.1.

The SARIMAX model performed the best on this dataset with the lowest sMAPE score. The VAR

and MCP models were the second and third best methods in terms of the average sMAPE over all horizons.

All models that incorporated eXogenous variables outperformed the SARIMA model.

5.5 Comparing the SARIMAX Model with Other Forecasting Mod-

els Submitted to the CDC

In this section, we compare the performance of the SARIMAX model with 18 other models that were

submitted to the United States Centers for Disease Control and Prevention (CDC) during a 52-week

period from December 2020 to December 2021. To ensure fairness of comparison, we used the observed

weekly new deaths from CDC reports as the ground truth value.

In order to align our forecasting strategy with that of the CDC, we adjusted our approach by changing

the moving window steps from one day per move to one week per move, prolonging the prediction length

from 14 days to 28 days, and shifting the evaluation approach from horizon level to weekly level. At each

week, the “4 weeks ahead” predictions were calculated from a model trained on historical information

with a lag of 28 days, while the “1 week ahead” predictions were calculated from a model trained on

historical information with a lag of 7 days. The model prediction performance was measured using the

sMAPE values.

The comparison results, shown in Table 5.4.1, reveal that the SARIMAX model ranks high among the

18 models and performs close to the ensemble model. However, as observed in Figure 5.4, the SARIMAX
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Figure 5.4: Comparison of SARIMAX model forecasts with observed weekly COVID-19 deaths in the United
States.

model shows some areas for improvement. Specifically, it tends to overestimate the weekly deaths at truth

value peaks, and this overestimation problem becomes more severe as the prediction length increases.

5.6 Conclusion and Future Work

This chapter aimed to evaluate and compare different statistical and machine learning models for fore-

casting daily deaths caused by COVID-19 in the United States. The study highlighted the importance of

incorporating eXogenous variables in the forecasting models, specifically in the SARIMAX and MCP

models. These models have the advantage of taking into account factors such as hospitalization rates, ICU

occupancy, and vaccination data, which are not captured by the SARIMA model.

A comparison was made between our best model, the SARIMAX model, and18 other models submit-

ted to the United States Centers for Disease Control and Prevention (CDC) over a continuous 52-week

period from December 2020 to December 2021. The SARIMAX model performed well, ranking high

among the 18 models and performing similarly to the multi-model ensemble forecast.
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However, a visualization of the SARIMAX model predictions at each of the four forecast levels (Fig-

ure 5.4) revealed areas for improvement. The model tended to overestimate weekly deaths at peaks in the

truth values, with the overestimation becoming more pronounced as the prediction length increased. In

future work, we aim to enhance the performance of our model.
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Chapter 6

Conclusion

In this dissertation, we addressed three different problems in medical image classification and mortality

prediction using deep learning, tensor factor modeling, and statistical and machine learning techniques.

We proposed a transfer learning-based approach to tackle the problem of small sample sizes and im-

balanced medical image classification. Our approach is a privacy-preserving and communication-efficient

procedure that can be applied to a variety of medical image classification tasks and has the potential to

improve clinical diagnosis. Our study shows that the proposed method can improve the pneumonia

classification accuracy on a small but heavily imbalanced mchest X-ray image dataset by 11.53% which

performs even better than directly augmenting that source data into the training process.

We introduced an augmented tensor factor model to handle overlapping image classification. Our

model decomposes tensor data into a pervasive component and a specific component. The pervasive com-

ponent is characterized by the production of a low-rank latent tensor factor and factor loading matrices.

We proposed a matricization plus principal component analysis strategy to estimate this tensor factor

model and developed a factor adjustment procedure to remove pervasive noise and improve signal-to-noise

ratio. We demonstrated the effectiveness of our method through synthetic experiments and COVID-19

pneumonia diagnosis from chest X-ray images.

In addition to the medical image classification, we focused on the problem of COVID-19 mortality

prediction using statistical and machine learning models. We evaluated several models, such as SARIMA,
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SARIMAX, VAR, and MCP. We showed that the SARIMAX model generated forecast values using

eXogenous hospital information variables that could enrich the underlying model and improve prediction

accuracy. Our best machine learning model performed better than most of the CDC models based on

the four weeks ahead prediction.

Overall, our proposed methods have demonstrated promising results and have the potential to improve

medical data analysis, diagnosis, and treatment. We believe that the proposed methods can be extended

to various medical applications, leading to better patient care and outcomes.
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Appendix A

Proofs of the theoretical

analysis

In this section, we provide assumptions, technical lemmas, and proofs of the theoretical results of Chapter 4.

A.1 Assumptions

Assumption 1. Let c be a large enough positive absolute constant. For i = 1, . . . , n, we make the following

assumptions.

(i) The observations in {Xi}ni=1 are independent.

(ii) The latent tensor factors satisfy E(Gi) = 0 and E(∥Gi∥4F ) ≤ c.

(iii) The specific components satisfy E(Si) = 0 and E(∥Si∥8F ) ≤ c.

Assumption 2. Let c be a large enough positive absolute constant. For i = 1, . . . , n and d = 1, . . . , D,

we assume {G(d)
i }ni=1 and {S(d)

i }ni=1 are two uncorrelated sequences and satisfy

max
i,d

∥∥∥E[G(d)
i UT

−dS
(d)T
i ]

∥∥∥2
F
≤ cpπ and max

i,d

∥∥∥E[S(d)
i S(d)T

i ]
∥∥∥2
F
≤ cp2π/pd.
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Assumption 3. For d = 1, . . . , D, we assume

(i) The mode-d latent factor G(d)
i satisfies

1

n

n∑
i=1

G(d)
i G(d)T

i →p Ωd, as n → ∞,

where “→p" stands for converging in probability and Ωd is a positive definite matrix with all positive

and distinct eigenvalues.

(ii) The factor loading matrices satisfy p−1
d UdU

T
d = Ird .

Assumption 1 (i) states that the observations are independent, which is typically satisfied in medical

image classification applications. However, if necessary, this assumption can be relaxed to allow for strong

mixing among observations. Our results should still hold without significant modification. Assumption

1 (ii) and (iii) are common center and moment conditions in most factor analysis literature. Assumption

2 states that for each mode, the dependence between latent factors and specific components is weak and

the population covariance matrix of specific components is bounded. Both are mild and reasonable

conditions that have been discussed in previous literature (e.g. Bai, 2003; E. Y. Chen and Fan, 2021; Fan et

al., 2008). Assumption 3 reiterates the identification condition on metricized tensor factor model. These

assumptions can be easily satisfied by properly choosing a series of orthogonal matrices to rotate the latent

factors and factor loading matrices. This is a natural generalization of the identification conditions in

classical factor models.

A.2 Technical Lemmas

In this section, we provides a two technical lemmas to facilitate the proofs of our main theoretical results.
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Lemma 1. Suppose the assumptions in Theorem 2.1 holds, we have

∥∥∥∥∥ 1

npπ

n∑
i=1

UdG(d)
i UT

−dS
(d)T
i

∥∥∥∥∥
2

F

= Op(
pd
npπ

), for d = 1, . . . , D.

Proof. Denote G(d)
i UT

−dS
(d)T
i := Z(d)

i , we have

∥∥∥∥∥ 1

npπ

n∑
i=1

UdG(d)
i UT

−dS
(d)T
i

∥∥∥∥∥
2

F

≤ 1

n2p2π
∥Ud∥2F

∥∥∥∥∥
n∑

i=1

Z(d)
i

∥∥∥∥∥
2

F

=
rdpd
n2p2π

∥∥∥∥∥
n∑

i=1

Z(d)
i

∥∥∥∥∥
2

F

,

where the last equation uses the identification condition p−1
d UT

d Ud = Ird .

Next, we have

∥∥∥∥∥
n∑

i=1

Z(d)
i

∥∥∥∥∥
2

F

=

∥∥∥∥∥
n∑

i=1

(Z(d)
i − EZ(d)

i + EZ(d)
i )

∥∥∥∥∥
2

F

≤

∥∥∥∥∥
n∑

i=1

(Z(d)
i − EZ(d)

i )

∥∥∥∥∥
2

F

+
n∑

i=1

∥∥∥EZ(d)
i

∥∥∥2
F
. (A.1)

According to Assumption 1, we know {Z(d)
i − EZ(d)

i }ni=1 is a sequence of independent random

variables with zero mean and bounded variance. Then, according to the central limit theorem, we have

∥∥∥∥∥
n∑

i=1

(Z(d)
i − EZ(d)

i )

∥∥∥∥∥
2

F

= Op(npπ).

Also, according to Assumption 2, we have

max
i

∥∥∥EZ(d)
i

∥∥∥2
F
= O(pπ).

Therefore, we can complete the proof by showing

∥∥∥∥∥ 1

npπ

n∑
i=1

UdG(d)
i UT

−dS
(d)T
i

∥∥∥∥∥
2

F

=
rdpd
n2p2

{Op(npπ) +O(npπ)} = Op(
pd
npπ

).
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Lemma 2. Suppose the assumptions in Theorem 2.1 holds, we have

∥∥∥∥∥ 1

npπ

n∑
i=1

S(d)
i S(d)T

i

∥∥∥∥∥
2

F

= Op(
pd
npπ

+
1

pd
), for d = 1, . . . , D.

Proof. Similar to the decomposition in (A.1), we have

∥∥∥∥∥
n∑

i=1

S(d)
i S(d)T

i

∥∥∥∥∥ =

∥∥∥∥∥
n∑

i=1

(
S(d)
i S(d)T

i − E[S(d)
i S(d)T

i ] + E[S(d)
i S(d)T

i ]
)∥∥∥∥∥

2

F

≤

∥∥∥∥∥
n∑

i=1

(
S(d)
i S(d)T

i − E[S(d)
i S(d)T

i ]
)∥∥∥∥∥

2

F

+
n∑

i=1

∥∥∥E[S(d)
i S(d)T

i ]
∥∥∥2
F

According to Assumption 1, we know {S(d)
i S(d)T

i − E[S(d)
i S(d)T

i ]}ni=1 is a sequence of independent

random variables with zero mean and bounded variance. Then, according to the central limit theorem,

we have

∥∥∥∥∥
n∑

i=1

(
S(d)
i S(d)T

i − E[S(d)
i S(d)T

i ]
)∥∥∥∥∥

2

F

= Op(npdpπ).

Also, according to Assumption 2, we have

max
i

∥∥∥E[S(d)
i S(d)T

i ]
∥∥∥2
F
= O(

p2π
pd

).

Thus, we can compelte the proof by showing

∥∥∥∥∥
n∑

i=1

S(d)
i S(d)T

i

∥∥∥∥∥
2

F

= Op(npdpπ +
n2p2π
pd

).
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A.3 Proof of Theorem 4.1

Proof. Let d ∈ {1, . . . , D} be any mode index. Recall that, the mode-d sample variance-covariance

matrix is defined as

Σd =
1

npπ

n∑
i=1

X (d)
i X (d)T

i

=
1

npπ

n∑
i=1

(UdG(d)
i UT

−d + S(d)
i )(UdG(d)

i UT
−d + S(d)

i )T

=
1

npd

n∑
i=1

UdG(d)
i G(d)T

i UT
d +

1

npπ

n∑
i=1

UdG(d)
i UT

−dS
(d)T
i

+
1

npπ

n∑
i=1

S(d)
i U−dG(d)T

i UT
d +

1

npπ

n∑
i=1

S(d)
i S(d)T

i

:=∆1 +∆2 +∆3 +∆4, (A.2)

where the first term in the second last equation uses the fact that U−d is an orthogonal matrix and the

identification condition p−1
−dU

T
−dU−d = I .

By applying an eigen-decomposition on Σd, we denote {λ1, . . . , λpd} are the distinct eigenvalues

of Σd sorted in the descending order and {v(d)
1 , . . . , v

(d)
pd } are their corresponding eigenvectors. For a

given rank rd, the estimator of the model-d loading matrix Ud is defined as

Ûd := Ûd(rd) =
√
pd

(
v
(d)
1 , . . . , v(d)

rd

)
.

Then, it is suffice to show that

∥Ûd −UdHd∥2F = Op(
1

pd
+

p2d
npπ

),

where Hd =
1

npd

∑n
i=1 G

(d)
i G(d)T

i UT
d ÛdΛ

−1
d and Λd = (λ1 . . . , λrd).
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Using the property of eigenvectors and the decomposition in (A.2), we can show that

Ûd −UdHd =ΣdÛdΛ
−1
d − 1

npd

n∑
i=1

UdG(d)
i G(d)T

i UT
d ÛdΛ

−1
d

=

(
∆1 −

1

npd

n∑
i=1

UdG(d)
i G(d)T

i UT
d +∆2 +∆3 +∆4

)
ÛdΛ

−1
d

=∆2ÛdΛ
−1
d +∆3ÛdΛ

−1
d +∆4ÛdΛ

−1
d , (A.3)

where the last equation uses the fact that ∆1 =
1

npd

∑n
i=1UdG(d)

i G(d)T
i UT

d .

Next, we aim to bound the Frobenius norms of the three terms in the last line of (A.3). To begin with,

we have

∥∥∥∆2ÛdΛ
−1
d

∥∥∥2
F
=
∥∥∥∆2

(
Ûd −UdHd +UdHd

)
Λ−1

d

∥∥∥2
F

≤∥∆2∥2F ∥Ud∥2F ∥Hd∥2F
∥∥Λ−1

d

∥∥2
F
+ ∥∆2∥2F

∥∥Λ−1
d

∥∥2
F

∥∥∥Ûd −UdHd

∥∥∥2
F

=Op(
p2d
npπ

) +Op(
pd
npπ

)
∥∥∥Ûd −UdHd

∥∥∥2
F
, (A.4)

where the last equation follows Lemma 1, the identification condition, and rd is fixed.

Similarly, we can show that the second term satisfies

∥∥∥∆3ÛdΛ
−1
d

∥∥∥ =
∥∥∥∆3

(
Ûd −UdHd +UdHd

)
Λ−1

d

∥∥∥2
F

=Op(
p2d
npπ

) +Op(
pd
npπ

)
∥∥∥Ûd −UdHd

∥∥∥2
F
. (A.5)

For the third term, we can utilize the results in Lemma 2 and show that

∥∥∥∆4ÛdΛ
−1
d

∥∥∥ =
∥∥∥∆4

(
Ûd −UdHd +UdHd

)
Λ−1

d

∥∥∥2
F

≤∥∆4∥2F ∥Ud∥2F ∥Hd∥2F
∥∥Λ−1

d

∥∥2
F
+ ∥∆4∥2F

∥∥Λ−1
d

∥∥2
F

∥∥∥Ûd −UdHd

∥∥∥2
F

=Op(
p2d
npπ

+ 1) +Op(
pd
npπ

+
1

pd
)
∥∥∥Ûd −UdHd

∥∥∥2
F
. (A.6)
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By plugging the results in (A.4) –(A.6) back to (A.3), we complete the proof of Theorem 2.1.

A.4 Proof of Theorem 4.2

Proof. We can rewrite Ĝi as

Ĝi =
1

pπ
Xi ×1 Û

T
1 ×2 · · · ×D ÛT

D

=
1

pπ
Gi ×1 Û

T
1 U1 ×2 · · · ×D ÛT

DUD +
1

pπ
Si ×1 Û

T
1 ×2 · · · ×D ÛT

D

=
1

pπ
Gi ×1 Û

T
1 (U1 − Û1H

−1
1 + Û1H

−1
1 )×2 · · · ×D ÛT

D(UD − ÛDH
−1
D + ÛDH

−1
D )

+
1

pπ
Si ×1 (Û1 −U1H1 +U1H1)

T ×2 · · · ×D (ÛD −UdHd +UdHd)
T

=Gi ×1 H
−1
1 ×2 · · · ×D H−1

D +
1

pπ
Si ×1 H

T
1 U

T
1 ×2 · · · ×D HT

DU
T
D︸ ︷︷ ︸

∆5

+
D∑

d=1

1

pd
Gi ×1 H

−1
1 ×2 · · · ×d Û

T
d (Ud − ÛdH

−1
d )×d+1 · · · ×D H−1

d︸ ︷︷ ︸
∆6

+
1

pπ

D∑
d=1

Si ×1 H
T
1 U

T
1 ×2 · · · ×d (Ûd −UdHd)

T ×d+1 · · · ×D HT
DU

T
D︸ ︷︷ ︸

∆7

+∆8, (A.7)

where ∆8 is the reminder that contains all higher-order interaction terms.
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Denote η̂jd,kd is the (kd, jd)-th entry of HT
d U

T
d and Si,j1···jD is the (j1, . . . , jD)-th entry of Si. By

the definition of Model-d product, we can bound ∥∆5∥2F as

∥∆5∥2F =
1

p2π

r1∑
k1=1

· · ·
rD∑

kD=1

p1∑
j1=1

· · ·
pD∑

jD=1

(ηk1,j1 · · · ηkD,jDSi,j1···jD)
2

=Op(
1

pπ
), (A.8)

where the last equation uses the facts that rd is fixed and η̂jd,kd converges to a fixed number when n, pd →

∞.

Next, we can bound the ∥∆7∥2F as

∥∆7∥2F ≤ 1

p2π

D∑
d=1

∥∥∥Si ×1 H
−1
1 ×2 · · · ×d (Ûd −UdHd)

T ×d+1 · · · ×D H−1
d

∥∥∥2
F

≤ 1

p2π

r1∑
k1=1

· · ·
rd−1∑

kd−1=1

rd+1∑
kd+1=1

· · ·
rD∑

kD=1

p1∑
j1=1

· · ·
pd−1∑

jd−1=1

pd+1∑
jd+1=1

· · ·
pD∑

jD=1(
ηk1,j1 · · · ηkd−1,jd−1

ηkd+1,jd+1
ηkD,jDSi,j1···jD

)2
kdpd

∥∥∥Ûd −UdHd

∥∥∥2
F

=
1

pπ
·Op(

1

pd
+

p2d
npπ

) = Op(
1

pπpd
+

p2d
np2π

), (A.9)

where the second inequality uses the fact that
∥∥∥Ûd −UdHd

∥∥∥
max

≤
∥∥∥Ûd −UdHd

∥∥∥
F

, and the last

equality follows Theorem 2.1.

Before we move on to to bound ∥∆6∥2F , we first show that

∥∥∥∥ 1

pd
ÛT

d (Ud − ÛdH
−1
d )

∥∥∥∥2
F

=
1

p2d

∥∥∥ÛT
d (Ud − ÛdH

−1
d )HdH

T
d

∥∥∥2
F

=
1

p2d

∥∥∥ÛT
d (UdHd − Ûd)H

T
d

∥∥∥2
F

≤ 1

p2d

∥∥∥ÛT
d

∥∥∥2
F

∥∥∥Ûd −UdHd

∥∥∥2
F
∥Hd∥2F

=Op(
1

pd
+

pd
npπ

).
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Therefore, similar to (A.9), we can bound ∥∆6∥2F as

∥∆6∥2F ≲
D∑

d=1

Op(
1

pd
+

pd
npπ

) = Op(
1

n
+

D∑
d=1

1

pd
). (A.10)

To sum up, the results in (A.7) – (A.10) yield

∥∥∥Ĝi − Gi ×1 H
−1
1 ×2 · · · ×D H−1

D

∥∥∥2
F
≤∥∆5∥2F + ∥∆6∥2F + ∥∆7∥2F + ∥∆8∥2F

≤Op

(
1

n
+

D∑
d=1

1

pd

)
.

A.5 Proof of Theorem 4.3

Proof. Recall that, (A.2) in the Proof of Theorem 2.1 decomposes the mode-d sample variance covariance

matrix Σd into four terms and we have proved the following results

∥∆2∥2F = Op(
pd
npπ

), ∥∆3∥2F = Op(
pd
npπ

), and ∥∆3∥2F = Op(
pd
npπ

+
1

pd
).

Further, it is easy to notice that the eigenvalues of ∆1 satisfies

λk(∆1) =


λk(

1
n

∑n
i=1 G

(d)
i G(d)T

i ), 1 ≤ k ≤ rd,

0, rd + 1 ≤ k ≤ pd,

where λrd(
1
n

∑n
i=1 G

(d)
i G(d)T

i ) ≥ c > 0 according to Assumption 3.
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The results above together with Weyl’s theorem lead to

λk(Σd) =


λk(

1
n

∑n
i=1 G

(d)
i G(d)T

i ) + op(1), 1 ≤ k ≤ rd,

op(1), rd + 1 ≤ k ≤ pd.

Therefore, with Kmax > rd and a reasonable choice of C , the modified eigen-ration method intro-

duced in (4.5) can consistently estimate rd by detecting the gap between λrd(Σd) and λrd+1(Σd) with a

probability approaching 1.
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