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Abstract

The rapid advancement in sensing and information technology has ushered us into

an era of data explosion, where a large amount of data is now easily available

and accessible in the clinical environment. This wealth of healthcare data offers

new avenues for developing automated data-driven methods for disease diagnosis.

Electronic Health Records (EHRs), serving as digital repositories of a patient’s

medical information, present unique opportunities to analyze and decipher clinical

events and patterns within large populations. Given the rich information about a

patient’s health trajectory, leveraging EHRs through data-driven methodologies can

significantly enhance clinical decision support systems.

However, utilizing real-world EHRs for reliable data-driven disease detection

presents several challenges due to the observational nature of EHRs. Unlike well-

defined, randomized longitudinal experiments, EHRs are recorded only when patients

receive care, resulting in complex and highly heterogeneous data. This dissertation

focuses on developing robust and reliable advanced machine-learning algorithms

to investigate complex EHR data for disease prediction, addressing the challenges

of diverse and complex data types, incomplete datasets, and imbalanced class

distributions in EHRs.
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Chapter 1

Introduction

1.1 Motivation

The rapid advancement in sensing and information technology has ushered us into

an era of data explosion where a large amount of data is now easily available and

accessible in the clinical environment. The wealth of healthcare data offers new

avenues for developing automated data-driven methods for disease diagnosis. For

instance, there have been growing research interests in harnessing electronic health

records (EHRs) to create data-driven solutions for clinical decision support. EHRs

serve as digital repositories of a patient’s medical information including demographics,

progress notes, medications, vital signs, medical history, and lab results. Given

the rich information about a patient’s health trajectory, EHRs present unique

opportunities to analyze and decipher clinical events and patterns within large

populations through data-driven methodologies.

Data-driven methods for disease prediction are essential due to their ability to

analyze vast amounts of complex healthcare data, uncover hidden patterns, and

provide accurate, timely insights that traditional diagnostic methods might miss. As

healthcare systems increasingly generate massive volumes of data from EHRs, medical

imaging, and genomics, there is a growing need to leverage this data effectively.
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Traditional diagnostic approaches often rely on manual analysis, which can be time-

consuming, subject to human error, and limited by the clinician’s expertise. In

contrast, data-driven methods can process and analyze large datasets efficiently,

identifying subtle correlations and trends that may not be apparent to human

observers. These methods enhance the precision and speed of diagnosis, support

personalized treatment plans by considering the unique health profiles of patients,

and enable predictive analytics that can forecast disease progression and outcomes.

By integrating data-driven approaches into healthcare, we can improve diagnostic

accuracy, optimize resource allocation, and ultimately enhance patient outcomes,

making these methods indispensable in modern medical practice.

However, data mining of EHR data poses distinctive research challenges due to

the observational nature of EHRs. Unlike well-defined, randomized longitudinal

experiments in clinical trials that collect data on a fixed schedule and ensure

high data quality, EHRs are recorded only when patients receive care or doctors

provide services. The information collected and the timing of its collection are not

determined by researchers, resulting in EHR data that are often complex and highly

heterogeneous. Effectively utilizing real-world EHRs for reliable data-driven disease

detection presents several challenges. This dissertation will focus on addressing the

following challenges:

(1) Diversity and complexity of data types. EHR datasets often contain

diverse data types. For example, EHR datasets are commonly associated with

multivariate longitudinal records (or sequences). The medical variables usually

not only have intra-sequence correlation (i.e., autocorrelation within one individual

sequence) but also have inter-sequence correlation (i.e., the correlation between

different sequences). In addition, for many chronic patients, such as Diabetic

Retinopathy (DR) patients, the EHR data are often documented during irregular

patient visits, leading to non-uniform time intervals between successive measurements

and a lack of synchronization across various medical variables or among different

patients. Traditional time series models face challenges when applied to irregular
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longitudinal data because they typically assume a parametric form of the temporal

variables, making it difficult to effectively account for highly heterogeneous and

irregular time intervals across different variables. Additionally, the widely used deep

learning models such as convolution neural networks (CNNs) and recurrent neural

networks (RNNs) for mining sequential or time series data are designed by assuming

consecutive data points are collected at a uniform time interval. Those deep learning

models do not consider the elapsed time between records and are less effective in

modeling irregular longitudinal EHRs.

The other common data type in EHRs is waveform data. Waveform data are

generated at a higher frequency than most other types of health data, resulting

in large volumes of data over short periods. A common example of waveform

data is electrocardiograms (ECGs). ECG signals are recordings of the electrical

activity of the heart over a period of time. Real-world ECG signals contain

complex patterns because cardiovascular systems are featured with nonlinear and

nonstationary dynamics from the complicated interactions of many interconnected

parts such as ion channels and gap junctions to perform cardiac functions. Thus, new

machine learning algorithms that can effectively and automatically extract useful

features are needed for reliable ECG signal analysis.

(2) Incomplete datasets and imbalanced class distributions. Real-world

EHRs suffer from the issues of missing values and imbalanced data. Due to the nature

of clinical practice, not all information is recorded for every patient visit, leading to

incomplete datasets. Additionally, EHR data often exhibit a significantly imbalanced

distribution, with certain health outcomes or characteristics being underrepresented

compared to more common ones. For instance, rare diseases or adverse drug reactions

may have very few instances compared to more prevalent conditions. In the existing

literature, a wide array of statistical and machine learning techniques have been

designed to tackle the missing value and imbalanced data issues, which, however, are

less applicable in the context of modeling irregular longitudinal EHRs. The presence

of missing values and imbalanced class distributions will introduce further difficulties
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in effective model training using longitudinal EHRs, leading to biased or inaccurate

predictions if not properly addressed.

Thus, this dissertation focuses on developing robust and reliable advanced

machine-learning algorithms to investigate complex EHR data for disease prediction,

addressing the challenges of diverse and complex data types, incomplete datasets,

and imbalanced class distributions in EHRs.

1.2 Research Background

1.2.1 Data-driven methods for longitudinal EHR data

The integration of data-driven modeling methodologies with EHR data has trans-

formed the healthcare field, offering unprecedented opportunities for clinical decision

support (Yadav et al., 2018; Landi et al., 2020; Rajpurkar et al., 2022). Traditional

machine learning methods, such as decision trees, naive Bayes classifiers, support

vector machines (SVMs), and k-nearest neighbors (k-NN), have been widely used

due to their simplicity, interpretability, and effectiveness in structured data analysis

(Hastie et al., 2009). Extensive research has been conducted to employ machine

learning models for disease identification using EHRs that consist of cross-sectional

patient health information (Banda et al., 2018; Wang et al., 2022). For example,

Huang et al. (Huang et al., 2007) employed naive Bayes, decision trees, and nearest

neighbor algorithms with feature selection methods to determine key factors affecting

type II diabetes control and identify individuals with suboptimal diabetes control

status. Hong et al. (Hong et al., 2019a) developed a multi-class classification method

to analyze clinical data, identifying patients with obesity and various comorbidities

using logistic regression, support vector machines, and decision tree algorithms. A

comprehensive review of machine learning applications to non-longitudinal EHRs can

be found in (Xiao et al., 2018; Rajkomar et al., 2019).
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However, these approaches face significant challenges when dealing with the

complexities of longitudinal data. They often require extensive manual feature

engineering to capture temporal dependencies, which is both time-consuming and

prone to errors. Furthermore, traditional methods typically assume that data points

are independent and identically distributed, which is not the case in longitudinal data

where observations are correlated over time. This assumption limits their effectiveness

in capturing the dynamic nature of patient health trajectories (Banda et al., 2018;

Das et al., 2022). Despite these limitations, traditional machine learning methods

have laid the foundation for more advanced techniques, providing initial insights and

establishing a baseline for disease prediction models

With the growing availability of longitudinal EHRs, there is increasing interest

in developing advanced data-driven models to capture critical temporal information

for disease prediction. Due to their outstanding performance and strong capability

in pattern recognition, deep learning techniques have been widely explored to mine

complexly structured data by leveraging the nonlinear interactions among neurons

within and across various hidden layers (Xie and Yao, 2022a; Xie et al., 2023; Xie

and Yao, 2022c; Wang et al., 2023c). Unlike conventional statistical and machine

learning methods, deep learning does not require sophisticated feature engineering

or strict model assumptions. Deep Neural Networks (DNNs) instead operate as

a form of representation learning, where models are provided with raw data and

automatically develop the necessary representative features for pattern recognition.

A DNN generally consists of L parametric functions, also known as layers where each

layer is considered as a transformed representation of the input domain (Ismail Fawaz

et al., 2019). Specifically, a layer li takes the output of the previous layer li−1 as its

input and applies a non-linear activation function, such as ReLu and sigmoid, to

compute the output of the current layer.

In healthcare domain, many advanced network architectures have been crafted for

modeling time series or sequential data (Miotto et al., 2018). For instance, Recurrent

Neural Networks (RNNs) are the famous families of DNNs for modeling longitudinal
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EHRs. Lipton et al (Lipton et al., 2015) were the pioneers in proposing the use of Long

Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997) for recognizing

patterns within multivariate clinical time series data. Building on this research, many

researchers employed models from the RNNs family to analyze regularly-spaced EHRs

for various clinical tasks (Futoma et al., 2017; Choi et al., 2017; Che et al., 2018;

Chen et al., 2022). In addition, Temporal Convolutional Networks (TCNs) have

gained increasing popularity as a robust alternative to the RNNs family for modeling

longitudinal EHRs (Wang and Yao, 2021; Wang et al., 2024; Chen et al., 2022). With

the unique architecture of dilated and causal 1-D convolution and residual blocks (Bai

et al., 2018), TCNs can capture long-term dependencies in data, which allows them

to access a broader range of input information at each layer. This capability enables

TCNs to outperform RNNs in various tasks involving complex temporal relationships

within EHR data Wang and Yao (2021); Wang et al. (2024); Chen et al. (2022);

Rosnati and Fortuin (2021); Moor et al. (2019).

To address the issue of irregular time intervals in some specific EHR data, many

modified RNN architectures have been developed. For example, the time-aware LSTM

(TLSTM) was designed to account for non-uniform sampling intervals through a time

decay mechanism (Baytas et al., 2017). Che et al. (Che et al., 2018) proposed a GRU-

D model for irregular sampled time series. It also integrates a decay mechanism to

model the impact of missing sampled values over time, allowing the network to better

capture temporal dependencies even when data points are irregular or incomplete.

A comprehensive review of modified RNN architectures for irregular sampled time

series can be found in (Sun et al., 2020; Weerakody et al., 2021).

However, those modified RNNs assume that the impact of historical risk factors on

disease prediction proportionally decays over time, which may not accurately describe

complex disease trajectories. Additionally, RNNs have been widely recognized as

computationally inefficient for modeling large-scale, long sequential data due to

their sequential processing nature. The self-attention encoder, a cornerstone of

the transformer architecture (Vaswani et al., 2017), has revolutionized the field of
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natural language processing (NLP) with its unique advantages. Unlike RNNs and

TCNs that process data sequentially and require uniform sampling intervals, the self-

attention mechanism allows the model to weigh the importance of different parts of

the input sequences relative to each other. This feature enables parallel processing

and enhances the model’s ability to capture long-range dependencies in irregularly

spaced longitudinal signals.

Various approaches leverage the transformer/self-attention architecture to im-

prove prediction accuracy and robustness in time series analysis. For instance,

the Vision Transformer for Irregularly Sampled Time Series (ViTST) transforms

time series data into images and applies vision transformers to capture temporal

dependencies effectively Li et al. (2024). The Self-Supervised Transformer for

Sparse and Irregularly Sampled Multivariate Clinical Time-Series (STraTS) employs a

continuous value embedding technique to handle continuous time and variable values

without the need for imputation, thus preserving fine-grained information Tipirneni

and Reddy (2022). Another approach, the Deformable Neighborhood Attention

Transformer (DNA-T), introduces deformable attention mechanisms to capture local

and global dependencies in medical time series data Huang et al. (2024). These

models demonstrate significant improvements over traditional methods, particularly

in handling the irregularities and sparsity inherent in many real-world datasets.

However, some drawbacks persist across these novel transformer-based archi-

tectures. The transformation of time series into images or triplets can lead to

information loss and may not capture all nuances of the data. Moreover, these

architectures often require substantial computational resources due to the complexity

of the models, making them less practical for large-scale or real-time applications. In

addition, despite the strengths of self-attention encoders/transformer architecture, it

is worth noting that most standard deep learning algorithms are designed under the

assumption that data is ideal, which cannot be directly applied to mine longitudinal

EHR databases with missing values and imbalanced class distributions. Little has

been done to design an effective framework to model real-world longitudinal EHRs
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by accounting for the issues of missing values, imbalanced data distribution, and

irregular time intervals for robust decision-making.

1.2.2 Data-driven methods for waveform data

Similar to the longitudinal EHR data, a wide range of statistical and machine learning

algorithms have been developed for waveform data analysis and pattern recognition.

Techniques ranging from dynamic spatiotemporal warping to XGBoost and wavelet-

based approaches have been employed for classifications such as myocardial infarction

and heartbeat detection (Yang et al., 2013; Hasnul et al., 2021; Bertsimas et al., 2021).

However, most traditional data-driven methods depend heavily on manual feature

engineering, which is labor-intensive, prone to trial-and-error, and generally limited

by human expert knowledge (Guglin and Thatai, 2006; Schläpfer and Wellens, 2017).

Deep neural networks (DNNs) automate feature extraction, demonstrating su-

perior performance in arrhythmia detection without the need for explicit feature

engineering (LeCun et al., 2015). Nonetheless, most existing deep learning algorithms

for waveform analysis are based on supervised learning, which requires a large volume

of annotated waveform signals and suffers from the problem of extremely imbalanced

data. Consequently, the application of unsupervised and semi-supervised learning

in waveform analysis has been increasingly investigated. For example, autoencoders

(AEs), a semi-supervised deep learning technique, have been widely used to study

waveform data by extracting critical low-dimensional representations of the raw

signals for disease prediction (Xia et al., 2018). Furthermore, GAN-based frameworks,

another semi-supervised learning technique to capture inherent data distributions

(Goodfellow et al., 2014), have been applied in waveform analysis. For example, Zhou

et al. (Zhou et al., 2019) developed a BeatGAN structure to model ECG signals for

anomaly detection.

However, most existing semi-supervised deep learning methods primarily focus

on differentiating abnormal waveforms from normal ones (i.e., binary classification)
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and are not capable of performing multi-class classification to identify different types

of cardiac arrhythmias. Novel analytical models are needed to efficiently handle

the imbalanced data issue and the data-lacking problem for both robust anomaly

detection and accurate disease identification from ECG signals.

1.2.3 Data-driven methods for imbalance and incomplete-

ness issues

Various strategies have been developed to address the issue of imbalanced data

(Krawczyk, 2016). These strategies generally fall into two categories: data-

level and algorithm-level methods. Data-level methods, including undersampling,

oversampling, and synthetic data generation techniques like SMOTE (Chawla et al.,

2002), aim to adjust the distribution of datasets to make them more balanced.

Algorithm-level methods, such as cost-sensitive learning, modify the algorithms

themselves to reduce bias towards the majority class (He and Garcia, 2009). However,

these approaches have their drawbacks. Sampling methods like undersampling and

oversampling can lead to the loss of crucial information or the addition of redundant

data, respectively. Synthetic methods may face challenges such as lack of realism,

limited variability, and difficulties in validating models. They are also not well-suited

for longitudinal data, compromising their effectiveness in generalizing to real-world

scenarios (He and Garcia, 2009). Additionally, setting precise cost parameters in cost-

sensitive methods poses a significant challenge in practical applications, making it

difficult to effectively implement these approaches in real-world scenarios (Krawczyk,

2016).

Similarly, to tackle missing values, various imputation strategies for clinical data

have been studied, each with unique approaches and drawbacks (Cismondi et al.,

2013). Simple imputation methods, such as mean/carry forward imputation and

interpolation/extrapolation imputation, may result in the loss of critical information

and potentially introduce bias into datasets. Advanced model-based methods, like
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tree-based (Doove et al., 2014) imputation and multiple imputations by chained

equations (MICE) (Azur et al., 2011), consider relationships between variables to

predict missing values using machine learning models. However, many of these

methods are primarily designed for cross-sectional imputation (i.e., imputing missing

measurements at the same time point) and may not be suitable for longitudinal

clinical data.

1.2.4 Research objectives

My research aims to develop robust and reliable advanced machine learning algorithms

to investigate the real-world complex EHR data for disease prediction. Specifically,

the objectives of this dissertation include:

• Topic 1: Multi-branching temporal convolutional network for sepsis prediction.

(Published in (Wang and Yao, 2021))

– Proposing a missingness-informed multi-branching temporal convolutional

network (MB-TCN) to model the multivariate longitudinal medical data

for robust sepsis prediction.

– Proposing the multi-branching architecture and missing value Masks

module to effectively handle the missing values and imbalanced data issues.

– Providing an empirical method to quantify the uncertainty in data-driven

predictive modeling.

• Topic 2: Hierarchical deep learning with generative adversarial network for

automatic cardiac diagnosis from ECG signals (Published in (Wang et al.,

2023c))

– Designing a two-level hierarchical deep learning framework leveraging

Generative Adversarial Network (GAN) for enhanced cardiac diagnosis

from ECG signals.

10



– Integrating memory-augmented deep autoencoder (AE) with adversarial

training framework (MadeGAN) to recognize the diversity of patterns of

normal signals and mitigate the over-fitting issues in traditional AE for

anomaly detection in ECG signals.

– Applying transfer learning from MadeGAN and coupled with a multi-

branching architecture for robust multi-class arrhythmias classification,

which is effective to address the data scarcity and imbalanced issues.

• Topic 3: Multi-branching temporal convolutional network with tensor data

completion for diabetic retinopathy prediction (Published in (Wang et al., 2024))

– Employing the CANDECOMP/PARAFAC (CP) decomposition to com-

plete the tensor data for missing value imputation by simultaneously

accounting for the multidimensional correlations between lab test variables,

patients, and time sequences.

– Adapting the missingness-informed multi-branching TCN framework to

further handle the imbalanced data and model both the intra- and inter-

sequence correlations in the longitudinal EHR data for DR prediction.

• Topic 4: MUSE-Net: Missingness-aware mUlti-branching Self-attention En-

coder for Irregular Longitudinal Electronic Health Records

– Introducing a novel framework of Missingness-aware mUlti-branching Self-

Attention Encoder (MUSE-Net) for data-driven disease prediction.

– Proposing to integrate a time-aware self-attention encoder with a multi-

branching classifier to address the imbalanced data issue and further

classify the irregular longitudinal EHRs for disease prediction.

– To improve the computational efficiency, the training of both MGPs and

MUSE-Net is accelerated by using GPU, ensuring efficient processing of

large and high-dimensional EHR data.
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1.2.5 Organization of the dissertation

This dissertation is structured around several manuscripts, with each of Chapter 2

through Chapter 5 composed as a research paper, either published or currently under

review. The rest of the dissertation is arranged in the following manner:

In Chapter 2, we propose a novel predictive framework with Multi-Branching

Temporal Convolutional Network (MB-TCN) to model the complexly structured

medical data for robust prediction of sepsis. The MB-TCN framework not only

efficiently handles the missing value and imbalanced data issues but also effectively

captures the temporal pattern and heterogeneous variable interactions. We evaluate

the performance of the proposed MB-TCN in predicting sepsis using real-world med-

ical data from PhysioNet/Computing in Cardiology Challenge 2019. Experimental

results show that MB-TCN outperforms existing methods that are commonly used

in current practice.

In Chapter 3, we propose a two-level hierarchical deep learning framework with

Generative Adversarial Network (GAN) for automatic diagnosis of ECG signals.

The first-level model is composed of a Memory-Augmented Deep auto-Encoder

with GAN (MadeGAN), which aims to differentiate abnormal signals from normal

ECGs for anomaly detection. The second-level learning aims at robust multi-class

classification for different arrhythmias identification, which is achieved by integrating

the transfer learning technique to transfer knowledge from the first-level learning

with the multi-branching architecture to handle the data-lacking and imbalanced

data issue. We evaluate the performance of the proposed framework using real-world

medical data from the MIT-BIH arrhythmia database. Experimental results show

that our proposed model outperforms existing methods that are commonly used in

current practice.

In Chapter 4, we propose a Multi-branching Temporal Convolutional Network

with Tensor Data Completion (MB-TCN-TC) model to analyze the longitudinal

EHRs collected from diabetic patients for Diabetic retinopathy (DR) prediction.
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Experimental results demonstrate that the proposed MB-TCN-TC model not only

effectively copes with the imbalanced data and missing value issues commonly

seen in EHR datasets but also captures the temporal correlation and complicated

interactions among medical variables in the longitudinal clinical records, yielding

superior prediction performance compared to existing methods.

In Chapter 5, we propose a novel Missingness-aware mUlti-branching Self-

Attention Encoder (MUSE-Net) to cope with the challenges in modeling longitudinal

EHRs for data-driven disease prediction. The MUSE-Net leverages a multi-task

Gaussian process (MGP) with GPU acceleration for data imputation, a multi-

branching architecture to address the data imbalance problem, and a time-aware self-

attention encoder to account for the irregularly spaced time interval in longitudinal

EHRs. We evaluate the proposed MUSE-Net using both synthetic and real-world

datasets. Experimental results show that our MUSE-Net outperforms existing

methods that are widely used to investigate longitudinal signals.

Chapter 6 includes my research contributions, general conclusions, and future

research directions.
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Chapter 2

Multi-branching temporal

convolutional network for sepsis

prediction

Sepsis is among the leading causes of morbidity and mortality in modern intensive

care units. Accurate sepsis prediction is of critical importance to save lives and

reduce medical costs. The rapid advancements in sensing and information technology

facilitate the effective monitoring of patients’ health conditions, generating a wealth

of medical data, and provide an unprecedented opportunity for data-driven diagnosis

of sepsis. However, real-world medical data are often complexly structured with a

high level of uncertainty (e.g., missing values, imbalanced data). Realizing the full

data potential depends on developing effective analytical models. In this paper, we

propose a novel predictive framework with Multi-Branching Temporal Convolutional

Network (MB-TCN) to model the complexly structured medical data for robust

prediction of sepsis. The MB-TCN framework not only efficiently handles the

missing value and imbalanced data issues but also effectively captures the temporal

pattern and heterogeneous variable interactions. We evaluate the performance of

the proposed MB-TCN in predicting sepsis using real-world medical data from
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PhysioNet/Computing in Cardiology Challenge 2019. Experimental results show that

MB-TCN outperforms existing methods that are commonly used in current practice.

Index Terms : Multi-Branching Temporal Convolutional Networks, Imbalanced Data,

Missing Value, Gaussian Process

2.1 Introduction

Sepsis is among the leading causes of morbidity and mortality in modern intensive

care units (ICU). More than 1.7 million people in the U.S. develop sepsis annually,

among which about 270,000 people died, contributing to over one-third of all in-

hospital deaths. Infection has been known to be the root cause of sepsis onset.

For example, lower respiratory tract infections cause septic shock in 35-50% of ICU

patients (Sprung et al., 2008). Sepsis is a life-threatening condition leading to tissue

damage, organ failure, or death. It has been estimated that mortality risk from

sepsis will increase by around 7.6% with every hour of delay in effective medical

treatment after the onset of hypotension due to the irreversible organ damage (Kumar

et al., 2006). Although professional intensive care associations have proposed clinical

standards and guidelines for sepsis diagnosis and treatment, the reliable and timely

identification of sepsis is still unsatisfactory due to its unclear source of infection and

nature of complex symptoms (Reyna et al., 2020).

Rapid advancements in sensing and information technology facilitate the effective

monitoring of patients’ health conditions, which brings about a data-rich environment

(Yao and Yang, 2016; Yao et al., 2017). The comprehensive and systematically

collected electronic-health-record (EHR) data provide an unprecedented opportunity

for data-driven diagnosis of sepsis. However, EHR data are often complexly structured

with a high level of uncertainty. For example, the medical data is commonly

associated with a multivariate time series, the length of which may be different for

different patients. Fully utilizing medical data for reliable sepsis prediction calls for
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new data-driven methods that are capable to cope with the complex data structure,

which poses several challenges including

(1) Missing data: EHR data are commonly subject to the issue of considerable

missing values, which occurs when no record is stored for some variables in an

observation. For example, there are up to 80% missing values in the clinical data from

the PhysioNet/Computing in Cardiology Challenge 2019 (Reyna et al., 2020). Missing

data generally happens due to lack of collection or documentation and variability of

adherence to practice guidelines during routine healthcare management. For example,

vital signs such as respiratory rate, heart rate, and body temperature, are generally

recorded every three to four hours, while laboratory variables, such as the fraction of

inspired oxygen and aspartate transaminase, are recorded on a daily basis for ICU

patients (Reyna et al., 2020). This recording procedure results in a large number

of data missingness. The substantial missing information may potentially lead to

significantly biased estimates or invalid conclusions if left unaddressed.

(2) Imbalanced data: Disease detection is generally formulated as a binary

classification problem (i.e., with or without disease). It is common for clinical datasets

to exhibit imbalanced distribution between different classes because the number of

patients with diseases is much smaller compared with the whole population. Data-

driven predictive modeling based on imbalanced data tends to ignore the minority

class (i.e., the diseased class), leading to unsatisfactory prediction performance. Tra-

ditional data augmentation techniques such as random over-sampling and synthetic

sampling based on K-nearest neighbors (KNN) are not generally applicable due to

the complex structure of the medical data (i.e., multivariate time series with variable

lengths). Thus, new machine learning algorithms that are able to effectively model

the multivariate longitudinal data and account for both imbalanced and missing data

are urgently needed for reliable sepsis identification.

This paper proposes a Multi-Branching Temporal Convolutional Network (MB-

TCN) to model the multivariate longitudinal medical data for robust sepsis prediction.

We first define a missing-value mask as one of the TCN inputs, which enables
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the network to learn and capture the missingness pattern in the medical records.

Second, we propose a Multi-Branching method composed of a core TCN and multi-

branching outputs to handle the imbalanced data, without making any assumptions

and feature engineering. Each branching output is trained with a balanced subset

of the medical records, while the core TCN is trained with the whole dataset.

Third, we employ Gaussian Process Upper-Confidence Bound (GP-UCB) to search

for the best network hyperparameters. We evaluate the MB-TCN model on the

data from PhysioNet/Computing in Cardiology Challenge 2019 for sepsis prediction.

Experimental results show that the MB-TCN significantly outperforms existing

methods that are commonly used in current practice.

2.2 Research Background

Various traditional statistical and machine learning methods have been proposed for

data-driven prediction of sepsis. For example, Nemati et al (Nemati et al., 2018)

developed a modified Weibull-Cox proportional hazards model, which assumes a Cox

proportional hazards with a Weibull-base hazard rate, to predict the sepsis onset.

Delahanty et al (Delahanty et al., 2019) applied the Gradient Boosting method to

model the Rhee clinical surveillance sepsis criteria (Rhee et al., 2017) for automatic

sepsis identification. Other modern machine learning algorithms, such as Random

Forest and XGBoost, have also been implemented for sepsis disease detection. Mani

et al (Mani et al., 2014) and Horng et al (Horng et al., 2017) developed data-

driven clinical decision-support systems for sepsis prediction by integrating different

machine learning algorithms including Support Vector Machine, KNN, and Naive

Bayes. A comprehensive review of statistical and machine learning methods in sepsis

detection can be found in (Fleuren et al., 2020; Islam et al., 2019). Most existing

statistical methods solve the prediction problem by first assuming a parametric

function for the effect of predictors to model the underlying stochastic process,

and then estimating unknown parameters using available data. For example, Cox
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proportional hazards models assume a linear relationship between the predictors and

proportional hazard (Emmert-Streib and Dehmer, 2019), which may not be generally

valid in real-world practice. Furthermore, traditional methods depend heavily on

manual feature engineering, which is a time-consuming trial-and-error process and

may require domain expertise (Calvert et al., 2016).

Deep neural network (DNN) is another powerful tool that has widespread

applications in the area of data-driven disease prediction (LeCun et al., 2015; Betancur

et al., 2018). Unlike conventional statistical and machine learning methods, DNN does

not require sophisticated feature engineering or strict model assumptions. A DNN

generally consists of L parametric functions, also known as layers where each layer is

considered as a transformed representation of the input domain. Specifically, a layer

li takes the output of the previous layer li−1 as its input and applies a non-linear

activation function, such as rectified linear unit (ReLU) and sigmoid, to compute the

output of current layer. Traditional feedforward DNNs have been implemented to

predict the sepsis onset and have outperformed conventional statistical methods such

as logistic regression or Cox models (Jaimes et al., 2005; López-Mart́ınez et al., 2019).

However, traditional DNN methods lack the ability to fully account for the temporal

pattern in the disease trajectory, leading to unsatisfactory prediction performance.

The family of Recurrent Neural Networks (RNNs) including Long Short-Term

Memory networks (LSTMs) (Hochreiter and Schmidhuber, 1997) and Gated Recur-

rent Units (GRUs) (Chung et al., 2014; Cho et al., 2014) has been proved to be

powerful methods for classification tasks involving sequential inputs such as language

and longitudinal clinical data (Lipton et al., 2015; Choi et al., 2017). Different RNN

architectures have been developed to study longitudinal medical records for sepsis

prediction. For example, Kam and Kim (Kam and Kim, 2017) implemented the

LSTM to learn effective representations from medical data and predict the onset of

sepsis. Futoma et al (Futoma et al., 2017) combined Multitask Gaussian Process

(GP) modeling with an LSTM classifier for sepsis prediction. Due to the strong

prediction performance and the ability to capture variable-length observations and
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long-term temporal dependency, the family of RNNs has been treated as default

methods to model time series and sequence data. However, recent studies show that

certain convolutional neural networks can outperform the performance of RNNs when

studying longitudinal or sequence data (Yin et al., 2017; Bai et al., 1803). Specifically,

Bai et al (Bai et al., 1803) compared Temporal Convolutional Networks (TCNs)

and canonical recurrent architectures (LSTMs and GRUs) in a comprehensive set of

sequence modeling tasks and have proved TCNs outperformed RNNs in all tasks.

TCNs have been recently widely used to investigate multivariate time series data

for disease diagnosis (Jarrett et al., 2019; Catling and Wolff, 2020). Moor et al

(Moor et al., 2019) and Kok et al (Kok et al., 2020) developed GP-based TCNs

to predict sepsis onset. They implemented the Multi-task GP to estimate the

missing values and quantify the estimation uncertainty. However, different encounters

may follow different GP distributions, and the GP hyperparameters need to be

trained and estimated for each patient individually. Additionally, GP modeling

involves mathematical operations of the large kernel matrix with a dimensionality

of (Nv ∗Nt)× (Nv ∗Nt) (where Nv and Nt denotes the cardinality of medical variables

and temporal points, respectively). As such, the imputation procedure with multi-

task GP is highly computationally intensive. Additionally, traditional imputation

methods including carry-forward and mean imputation are not capable to effectively

exploit the data structure and may introduce large imputation error into the data.

Thus, novel imputation procedures are needed for robust and accurate prediction of

sepsis.

Data-driven sepsis prediction also suffers from the problem with extremely

imbalanced data. A variety of sampling methods have been proposed to create

a balanced dataset out from the original imbalanced data for robust classification

and prediction (He and Garcia, 2009). Commonly used methods include random

over-sampling, random under-sampling, informed under-sampling (e.g., KNN-based

under-sampling) (Mani and Zhang, 2003), and synthetic minority over-sampling

(SMOTE) (Chawla et al., 2002). Random under- and over-sampling are currently
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the most common methods for imbalanced problems. However, under-sampling

methods remove a large number of majority cases, resulting in a huge information loss;

over-sampling may cause over-fitting due to replicated data from the minority class.

Although the KNN-based under-sampling and SMOTE achieve better performances

in non-time series imbalanced learning (Chawla et al., 2002; Mani and Zhang,

2003), they are not generally applicable for time series analysis. Specifically,

KNN-based under-sampling employs a KNN classifier to under-sample the majority

class according to the Euclidean distance between data points. Similarly, SMOTE

creates artificial data generally based on Euclidean distance. However, Euclidean

distance cannot effectively evaluate the dissimilarity between two time series with

different lengths. Dynamic Time Warping (DTW) has been proved to be effective in

quantifying the dissimilarity between time series data (Berndt and Clifford, 1994; Yao,

2021), but synthesizing minority samples with DTW is still highly challenging due

to the complex data structure and the non-differentiability of DTW distance (Cuturi

and Blondel, 2017). Thus, robust data-driven prediction of sepsis calls for novel

analytical models that are capable to not only efficiently handle the missing value

and imbalanced problems but also learn effective representations from the complexly

structured medical data.

2.3 Research Methodology

2.3.1 Multivariate Time Series Classification

Before defining our network architecture, we first introduce the nature of multivariate

time series classification problem. Suppose that we have Np patients indexed by i ∈

{1, . . . , Np}. Each case is associated with historical medical data, which is described

by the tuple (xp, yp), where xp is a multi-variate time series denoting the observations

of medical variables over time for case p and yp is the binary label with yp = 1

indicating case p is diagnosed with sepsis and otherwise yp = 0. As such, our complete
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dataset is given by D = {(xp, yp)}Np

p=1. The objective of time series classification in

our study is to predict the probability of sepsis for a new patient given a historical

sequence of the clinical observations.

2.3.2 Temporal Convolutional Network (TCN)

TCN is a powerful neural network for time series modeling, demonstrating superior

performance over traditional RNNs in various fields (Bai et al., 1803). Instead of

extracting spatial correlations as in the traditional convolutional networks, TCNs

apply filters in the temporal dimension to capture dynamic patterns in the disease

progression trajectory. The key feature of TCN that makes it more effective in

modeling longitudinal data compared with the traditional DNNs and RNNs is

the dilated causal convolution, which is achieved by applying a dilated temporal

convolution with a filter f : {0, 1, . . . , k − 1} over the input longitudinal data as

C(t) = (xp
v ∗d f)(t) =

k−1∑
a=0

f(a) · xp
v(t− a · d) (2.1)

where C(·) denotes the convolutional output, xp
v represents the observations of

medical variable v over time for patient p, ∗ denotes the convolution operation, d

is the dilation factor, and k is the kernel size. More importantly, (t− a · d) indicates

the direction toward the past, which realizes the causal convolution and ensures that

network output at time t will not depend on any future information, i.e., medical

observations at t + 1, t + 2, . . . , Nt. Additionally, by varying d, the TCN is able

to achieve multi-resolution convolution to capture both the long-range and local

temporal correlations, thereby facilitating the effective modeling of high-resolution

longitudinal data.

Another key feature of TCN is associated with the residual connections (He et al.,

2016). Increasing number of layers in neural networks will probably introduce large

training errors due to gradient vanishing or explosion, which is popularly known as
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the degradation problem. The degradation problem hinders the performance of neural

network modeling when the network goes deeper. The residual connection is generally

added into TCNs to cope with the degradation problem and increase the depth of

neural networks for better prediction performance. As shown in Fig. C.1(a), the

temporal residual block consists of two branches. One branch is formed by a series of

network transformations, F , including the casual convolution, batch normalization,

ReLU, and a dropout layer. The other branch is a shortcut from the input to the

output, i.e., a direct projection of the input xv. As such, the output of the residual

block is

o(xp
v) = activation(F(xp

v) + xp
v) (2.2)

Such residual connections allow the network to fit the residual mapping, i.e., focusing

on the modifications to the identity mapping instead of the entire transformation,

thereby mitigating the gradient vanishing or explosion problem in training DNNs.

Note that an additional 1× 1 convolutional layer is added to the shortcut branch to

deal with the problem when the length of xp
v is different from F(xp

v).

In our TCN model, there are two layers of causal convolution and ReLU within a

residual block. We also employ the batch-normalization to each causal convolutional

layer (i.e., normalizing the input layer by re-centering and re-scaling) to make

the network training faster and more stable. Additionally, we add a dropout

layer for each causal convolution to prevent over-fitting. The TCN is capable of

capturing both the heterogeneous patterns among different medical variables and the

temporal correlations in the longitudinal data when the information is complete (i.e.,

without missing values). However, missing data is a common challenge in health

investigations, which will deteriorate the prediction performance of TCN and pose

significant challenges for effective information retrieval. Here, we treat the missingness

in clinical datasets as informative missingness and let the network learn the correlation
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between patterns of missing and non-missing values. Typically, we create missing-

value masks as Z = {zp}Np

p=1 with zpv,t = 1 if xpv,t is missing; otherwise zpv,t = 0.

Fig. C.1(b) shows our TCN architecture. Specifically, the network has two inputs:

one is the multivariate time series, xp; the other is the missing-value mask, zp. The

input data xp is processed by the TCN and the mask zp is processed by multiple causal

convolutional layers with ReLU activation in a parallel stream. The outputs of both

streams are concatenated, which is followed by a dropout layer to avoid overfitting.

The final fully connected layer then combines the missingness structure, temporal

correlations, and heterogeneous medical patterns in the clinical data captured by

the previous temporal-convolutional layers. At the end of the network, we propose a

multi-branching output structure to address the imbalanced data problem, which will

be detailed in the next subsection. Note that our problem is the binary classification

of sepsis, so each branching output is followed by a sigmoid activation function to

generate the predicted probability of sepsis.

2.3.3 Multi-Branching Outputs

In this subsection, we develop a multi-branching TCN (MB-TCN) to address the

problem with imbalanced data and improve the classification performance, as shown

in Fig. C.2. Specifically, the MB-TCN consists of a core TCN and Nb branching

outputs. We create Nb balanced datasets from the original data D = {D−,D+} by

under-sampling the majority class D− (without disease) as Di = {Di
−,D+}, where

D− = ∪i∈1,...,Nb
Di

−, and further create multiple output layers corresponding to each

of the balanced datasets. The core TCN architecture will be trained by all the Nb

datasets, while each branching output will be trained by the corresponding balanced

sub-dataset. The objective of neural network training is to search a set of optimal

parameters such that the network outputs high probabilities for positive cases (i.e.,

sepsis patients) and low probabilities for negative cases (i.e., non-sepsis cases). As

such, we select the binary cross-entropy as the loss function of MB-TCN, which is
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given as:

L(θ;X,Z) = −
Np∑
p=1

Nb∑
i=1

I(p ∈ Di)
(
yp log(P̂i(θ;xp, zp))

+(1− yp) log(1− P̂i(θ;xp, zp))
)

(2.3)

where θ denotes the network parameter to be trained, I(·) is an indicator function,

and P̂i(θ;xp, zp) is the predicted probability of sepsis from branching output i given

the input xp and zp. If the network predicts a probability close to 0 for a positive case

(i.e., yp = 1 and P̂i(θ;xp, zp) ≈ 0), the term yp log(P̂i(θ;xp, zp)) will incur a large

loss in L(θ;X,Z). Similarly, the term (1−yp) log(1− P̂i(θ;xp, zp)) will become very

large if the network predicts a probability close to 1 for a negative case (i.e., yp = 0

and P̂i(θ;xp, zp) ≈ 1), leading to a large L(θ;X,Z). Thus, minimizing Eq. (2.3)

will generate the optimal network parameters for accurate sepsis identification.

Algorithm 1 summarizes the training procedure for the proposed MB-TCN

framework. Typically, in each iteration, we use all minority class (with disease) data

D+ and sample a sub-dataset Di
− with the same size as D+ from the majority class

D−. Then, we select one branching output at random to train the network, update

network parameters θ, and further make predictions based on the selected branching

output and dataset. During the inference step, the multi-branching TCN generates

Nb predicted probabilities of sepsis for one patient, which will further be utilized for

robust sepsis prediction. Specifically, we will evaluate the following three different

approaches to compute the final probability of sepsis:

(1) Simple average (MB-TCN-AVE): We take the average of the Nb outputs

as the final sepsis probability for patient p:

P̂ p =
¯̂
P p =

1

Nb

Nb∑
i=1

P̂ p
i (2.4)

where P̂ p
i is the prediction probability of branching output i for patient p.
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(2) Confidence margin (MB-TCN-CM): The confidence margin of branching

output i for patient p is defined as

cmp
i =

P̂
p
i − 0.5 if P̂ p

i > 0.5

0.5− P̂ p
i if P̂ p

i ≤ 0.5
(2.5)

We further calculate the weight of output i as wp
i =

cmp
i∑Nb

j=1 cm
p
j

. Then, the final

prediction probability for case p is given by

P̂ p =

Nb∑
j=1

wp
j P̂

p
j (2.6)

(3) Voting (MB-TCN-VO): In this method, each branching output makes

prediction independently. If the number of predicted positive label is greater than

or equal to the number of predicted negative label, then the final predicted label for

patient p is sepsis, i.e., ŷp = 1, and ŷp = 0 otherwise. Mathematically, the predicted

label is given by

ŷp = I(

Nb∑
j=1

I(ŷpj = 1) ≥
Nb∑
j=1

I(ŷpj = 0)) (2.7)

where ŷpj denotes the predicted label by branching output j.

The proposed multi-branching output is a simple architecture and is expected to

enable the TCN to learn more efficiently and effectively from imbalanced dataset

and simultaneously prevent the common problem of over-fitting and information

loss. Addtionally, the proposed MB-TCN framework is capable to quantify the

prediction uncertainty. Specifically, we define the prediction uncertainty for patient

p as the empirical standard deviation (ESTD) of the predicted probabilities by the

Nb branching outputs:

σ̂p =

√∑Nb

i=1(P̂
p
i −

¯̂
P p)2

Nb − 1
(2.8)
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A small σ̂p indicates that the branching outputs provide homogeneous predictive

results, and the MB-TCN is confident with the prediction for patient p. On the other

hand, if σ̂p is large, there is a high level of variation in the branching outputs and the

MB-TCN is less certain about the prediction. In such cases, the clinical practitioner

needs to carefully monitor the patient’s health condition and collect more medical

data to increase the prediction confidence.

Algorithm 1: Training Procedure of the proposed MB-TCN

1 Input: {xp}Np

p=1, {zp}Np

p=1, Nb;

2 Output: Trained network parameters θ∗;

3 for i = 1 to maximum epochs I do

4 for j = 1 to the number of branching outputs Nb do

5 Create balanced dataset Dj by under-sampling;

6 end

7 for k = 1 to maximum iterations K do

8 Sample minibatch Mk from Dj (which is randomly selected from

{D1, . . . ,DNb
});

9 Compute binary cross-entropy loss based on Mk and branching output j;

10 Update θ excluding branching outputs not selected;

11 end

12 if converge then

13 break

14 end

15 end

16 Return θ

2.3.4 Gaussian Process-based Active Learning for Optimal

Network Hyperparameters

The performance of the MB-TCN also depends heavily on the network hyperparam-

eters ω including the number of residual blocks nr, number of filters nf , kernel size
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k, dilation factor d, dropout rate γ, and learning rate α, i.e., ω = [nr, nf , k, d, γ, α]T .

Searching for the optimal hyperparameters, denoted as ω∗, requires repeatedly

training the network with different parameter values, which can be time-consuming

for large-scale deep learning. Here, we propose to actively tune ω based on Gaussian

Process Upper-Confidence-Bound (GP-UCB) (Srinivas et al., 2009). The GP-UCB

consists of two components: GP regression as a surrogate model to approximate the

optimization function and an effective acquisition function to determine the next

query point in the search space.

A GP provides a distribution over functions, i.e., g(·) ∼ GP(m(·),K(·)), which is

fully specified by the mean function m(·) and covariance function K(·). The input of

the GP in our setting is the network hyperparameters, i.e., ω’s, and the output is a

metric to characterize the prediction performance of the MB-TCN, which is defined

as

δ(ω) = AUROC(ω;Dvalid) + AUPRC(ω;Dvalid) (2.9)

where AUROC(ω;Dvalid) and AUPRC(ω;Dvalid) denote the Area Under Receiver-

Operating-Characteristic Curve (AUROC) and Area Under Precision-Recall Curve

(AUPRC) of the validation set Dvalid given the hyperparameters ω. The ROC curve

evaluates the tradeoff between the False Positive Rate (FPR) and True Positive Rate

(TPR), and AUROC is a performance score across all thresholds, quantifying the

general prediction performance. On the other hand, the AUPRC characterizes the

relationship between Recall and Precision, which has been widely recognized to be

more effective than AUROC when evaluating the classification performance with an

imbalanced dataset (Flach and Kull, 2015; Soleymani et al., 2020). Combination

of the two scores, i.e., δ(ω), is expected to effectively quantify the performance of

data-driven predictive modeling.

The GP regression in our study estimates the unobserved latent function g(ω) to

generate δ(ω) from the input ω: δ(ω) = g(ω) + ϵ, where ϵ ∼ N (0, σ2
ϵ ) is a noise
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factor added for numerical stability. In this study, we use the zero mean function

and select the square exponential kernel as the covariance function, i.e., K(ω1,ω2) =

a2 exp(−∥ω1−ω2∥2
λ2 ). Given the collected data {Ωn, δn}, where Ωn = [ω1, . . . ,ωn] and

δn = [δ(ω1), . . . , δ(ωn)]T , the GP parameters (i.e., a and λ) can be estimated with the

maximum likelihood method. Additionally, the predictive distribution of δ(ω) with

an arbitrary unevaluated setting of ω is given by δ(ω)|Ωn, δn,ω ∼ N (mn(ω), σ2
n(ω)),

with the predictive mean and variance as

mn(ω) = K(ω,Ωn)(K(Ωn,Ωn) + σ2
ϵI)−1δn (2.10)

σ2
n(ω) = K(ω,ω)−K(ω,Ωn)(K(Ωn,Ωn

+σ2
ϵI)−1K(Ωn,ω) (2.11)

Given the GP predictive model, we define the acquisition function for the next

sampling point according to GP-UCB:

ωn+1 = argmaxω{mn(ω) + β1/2
n σn(ω)} (2.12)

where βn is a constant to balance the trade-off between the exploitation of current

knowledge (i.e., mn(ω)) and the exploration of uncertain space (i.e., σn(ω)). In other

words, Eq. (2.12) enables us to search for the optimal network hyperparameters in a

computation-efficient way. After the new point, ωn+1, is selected, the MB-TCN will

be trained to generate the corresponding performance metric δ(ωn+1). When the new

input-output pair {ωn+1, δ(ωn+1)} becomes available, the GP predictive model will

be updated according to δn

δ(ωn+1)

 ∼ N
0,

K(Ωn,Ωn) + σ2
ϵ I K(Ωn,ωn+1)

K(ωn+1,Ωn) K(ωn+1,ωn+1)

 (2.13)
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This active-learning procedure is repeatedly evaluated until ω converges around a

certain point where δ(ω) is expected to have a maximum value, and the converged

vector ω∗ will be selected as the optimal network hyperparameters.

2.4 Experimental Design and Results

2.4.1 Data Description and Experimental Design

The dataset we use is obtained from PhysioNet/Computing in Cardiology Challenge

2019 with medical records from two hospital systems: Beth Israel Deaconess Medical

Center which contains 20,336 patients where sepsis patients account for 8.8% and

Emory University Hospital, which contains 20,000 patients with 5.7% sepsis cases.

The data were labeled according to the Sepsis-3 clinical criteria Reyna et al. (2020).

For sepsis cases, the label is ’0’ up to 6 hours before sepsis onset and ’1’ otherwise.

For non-sepsis cases, the label is always ’0’ over time. Both datasets consist of 40

clinical variables including around 2.5 million hourly time windows and 15 million

data points. Specifically, there are 8 vital sign variables, 26 laboratory variables, and

6 demographic variables. Each clinical variable is recorded over time, generating a

multivariate time series for each patient. Additionally, the medical records are with

variable lengths and are subject to missing values as shown in Fig. C.3 and Fig.

C.4. In our experiment, we use the padding method to process time series data so

that we can encode variable-length data into a single 3-D tensor (samples× time ×

variables). The dimensionality of the “time” is the length of the longest time series.

Specifically, samples that have shorter time series will be padded with -1 to achieve

the same length as the longest time series. In addition, the missing-value masks will

treat those padded values as missingness and their corresponding positions in the

mask will be set to 1.

We select the data from Beth Israel Deaconess Medical Center for train-

ing and the data from Emory University Hospital for testing. We train the
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MB-TCN with 80% of the training data and tune network hyperparameters by

GP-UCB with the rest 20% training data. We further evaluate the perfor-

mance of MB-TCN using the test dataset. Fig. C.5 illustrates our experimental

design. The MB-TCN will be benchmarked with a pure TCN, TCN+over-

sampling, TCN+under-sampling, and TCN+under-sampling+DTW-HC (see Ap-

pendix A), pure LSTM, Multi-Branching LSTM (MB-LSTM), LSTM+over-sampling,

LSTM+under-sampling, and LSTM+under-sampling+DTW-HC. Note that the hy-

perparameters in the pure TCN, TCN+over-sampling, TCN+under-sampling, and

TCN+under-sampling+DTW-HC are set the same as in the MB-TCN; those in MB-

LSTM are actively selected with GP-UCB, and architectures of other LSTM models

are designed with the same hyperparameters as the MB-LSTM. The proposed method

will also be benchmarked with different imputation methods (i.e., MB-TCN+mean

and MB-TCN+carry-forward). The model performance will be evaluated according

to two metrics: AUROC and AUPRC.

2.4.2 Experimental Results

Table D.1 shows the performance comparison between MB-TCN-based methods and

other benchmarks. Note that MB-TCN methods achieve better performance with

AUROC and AUPRC scores of 0.892 and 0.527 for MB-TCN-AVE, 0.891 and 0.525

for MB-TCN-CM, and 0.885 and 0.499 for MB-TCN-VO compared with traditional

TCN-based methods or LSTM-based methods. Specifically, MB-TCN-AVE improves

on AUROC by 14% compared with TCN+under-sampling (0.782); improves by

7% compared with LSTM+under-sampling (0.834), 7% compared with pure LSTM

(0.831), and 2.3% compared with LSTM+over-sampling (0.872). Moreover, the

improvement achieved by MB-TCN-AVE is more significant in terms of the AUPRC:

improving by 117% compared with TCN+under-sampling (0.242), 32% compared

with LSTM+under-sampling (0.400), and 27% and 22% compared with LSTM+over-

sampling (0.414) and pure LSTM (0.431). MB-TCN-AVE also improves on AUROC
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by 7.3% compared with TCN+under-sampling+DTW-HC (0.831), by 8.3% compared

with LSTM+under-sampling+DTW-HC (0.824). Moreover, MB-TCN-AVE achieves

improvement on AUPRC by 17.9% compared with TCN+under-sampling+DTW-HC

(0.447), and 20.9% compared with LSTM+under-sampling+DTW-HC (0.436). Note

that the AUROC provided by MB-TCN-AVE achieves a marginal improvement com-

pared with TCN+Over-sampling (i.e., 0.892 over 0.884). However, the improvement

on AUPRC is significant with a 28% enhancement (i.e., 0.527 over 0.413). This

improvement on AUPRC is less significant compared with the pure TCN (i.e., 0.527

over 0.449), but still achieves an 18% enhancement. Additionally, MB-TCN-AVE

achieves a 10% improvement on AUROC compared with the pure TCN (i.e., 0.892

over 0.812). As such, MB-TCN framework performs significantly better compared

with all the benchmarking methods.

Furthermore, there is no significant difference in AUC scores for different MB-TCN

methods. Specifically, MB-TCN-AVE, MB-TCN-CM, and MB-TCN-VO achieve

0.892, 0.891, and 0.885 AUROC scores and 0.527, 0.525, and 0.499 AUPRC scores

respectively. Note that the voting-based methods in both MB-TCN and MB-LSTM

(i.e., MB-TCN-VO and MB-LSTM-VO) perform slightly worse compared with AVE-

and CM-based methods. This is due to the fact that voting-based methods ignore the

estimation uncertainty in the predicted probability for each branching output. For

example, assume the estimated probability from each of the 10 branching outputs for

patient p is 0.55, 0.51, 0.52, 0.53, 0.55, 0.54, 0.1, 0.05, 0.15, and 0.02, respectively.

The final output of the estimated label by voting-based methods should be ŷp = 1

if the threshold is 0.5, because more than half of the branches output a label of 1.

However, the estimation given by the first 6 outputs is quite uncertain with estimated

probabilities very close to 0.5, while the rest four branches are with higher confidence

about their estimations with a probability close to 0. As such, after taking the

estimation uncertainty into account, the final estimated label should be ŷp = 0, which
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matches the estimation given by AVE- and CM-based methods. Nevertheless, voting-

based methods with multi-branching still outperform the pure, over- and under-

sampling based models.

It is also worth noting that the MB-TCN based methods outperform the MB-

LSTM based methods. Specifically, as shown in Table D.1, MB-TCN-AVE achieves

1.6% and 14.6% performance improvement on AUROC and AUPRC scores compared

with MB-LSTM-AVE (from 0.878 and 0.460 to 0.892 and 0.527). MB-TCN-CM

improves on the AUROC and AUPRC by 1.4% and 14.1%, respectively, compared

with MB-LSTM-CM (from 0.879 and 0.460 to 0.891 and 0.525). MB-TCN-VO

increases the AUROC and AUPRC from 0.878 and 0.458 to 0.885 and 0.499,

respectively, compared with MB-LSTM-VO, achieving an improvement of 0.8% and

9.0% in AUROC and AUPRC scores. This is due to the effectiveness of TCN to

handle the long-range multivariate longitudinal data.

Fig. C.6 (a) and (b) display the ROC and PR curves of all models. A good

model is toward the top-left corner in ROC space (i.e. the lower FPR and higher

TPR). According to Fig. C.6(a), the curve of MB-TCN-AVE method dominates in

the ROC space, yielding the best AUROC score of 0.892. Correspondingly, a good

classification model should achieve both higher recall and precision in the PR curve.

According to Fig. C.6(b), the MB-TCN-AVE model dominates in PR space, which

yields the best AUPRC score of 0.527.

Table D.2 further shows AUROC and AUPRC scores of MB-TCN-AVE with

missing-value mask and other imputation methods that are commonly used in

current practice. Specifically, the performance of the proposed MB-TCN-AVE

is benchmarked with MB-TCN+mean imputation and MB-TCN+carry-forward

imputation. Note that the MB-TCN-AVE method yields the best AUROC and

AUPRC scores of 0.892 and 0.527 respectively compared with MB-TCN+mean (with

AUROC and AUPRC scores of 0.821 and 0.389) and MB-TCN+carry-forward (with

AUROC and AUPRC scores of 0.821 and 0.397). The performance improvement

is due to the fact that the proposed missing-value mask effectively captures the
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missingness structure in the data with no additional statistical assumptions or

imputation uncertainty.

Fig. C.7 (a) and (b) show the ROC and PR curves of 10 branching outputs in

MB-TCN methods. All curves in the ROC and PR space have similar trends, but

the variation in PR curves is bigger compared with the ROC curves. Specifically,

the 3 standard deviations for AUROC and AUPRC is 0.013 and 0.041, respectively.

This is due to the effect of imbalanced dataset (only 5.7% positive cases in the

testing dataset) and PR curve is more sensitive than ROC curve when the dataset is

extremely imbalanced (Saito and Rehmsmeier, 2015). Note that the AUROC from

each branching output with a minimal value of 0.878 outperforms the traditional

methods, i.e., pure TCN (0.812), TCN+under-sampling (0.782), and TCN+under-

sampling+DTW-HC (0.831), except for TCN+ over-sampling (0.884). However, the

mean AUROC from the 10 outputs yields a higher score of 0.885 compared with

TCN+over-sampling. Additionally, all AUPRC scores from the MB-TCN with a

minimal value of 0.471 significantly outperform the pure TCN (0.449), TCN+over-

sampling (0.413), TCN+under-sampling (0.242), and TCN+under-sampling+DTW-

HC (0.447). Fig. C.8 shows the empirical standard deviation (ESTD) of predicted

probabilities for the test dataset by the MB-TCN. Note that the distribution of ESTD

is right-skewed, which indicates most of samples in the test dataset have a small ESTD

(within 0.1). Specifically, 266 samples out of the 20,000 patients in the test dataset are

predicted with an ESTD ≥ 0.3, which should be done further investigation by clinical

practitioners for reliable prediction. Table D.3 shows the comparison of average

missing-value rates of vital signs between samples with ESTD ≥ 0.3 and samples

with ESTD < 0.3. Note that samples with ESTD ≥ 0.3 have higher rates for all vital

signs (including Heart Rate (HR), Pulse Oximetry (O2Sat), Temperature (Temp),

Systolic BP (SBP), Mean Arterial Pressure (MAP), and Respiration Rate (Resp)).

As such, we can conclude that the high missing-value rate in vital signs will increase

the prediction uncertainty. Clinicians need to collect more medical data by carefully

monitoring the patient’s health condition to increase the prediction confidence.
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2.4.3 Comparison Study with Existing Literature

We first compare the MB-TCN model with 5 studies from the PhysioNet/Computing

in Cardiology Challenge 2019 whose performance scores rank among the top 5. Similar

to our investigation, these studies use the data from Beth Israel Deaconess Medical

Center for training and the data from Emory University Hospital for testing. Table

D.4 summarizes the comparison results (only one study reported AUPRC score).

Note that all the evaluation metrics are calculated on the test dataset. Our proposed

MB-TCN-AVE yields the best AUROC and AUPRC scores of 0.892 and 0.527,

respectively.

In addition, we further compare our MB-TCN with the GP-based TCN (GP-

TCN)(Kok et al., 2020). In the GP-TCN, the missing values are estimated with

a Multi-task GP and the TCN is trained by minimizing the expected value of the

loss function. Note that the GP-TCN paper merged datasets from both hospital

systems, and then employed 10-fold stratified cross-validation to train and evaluate

the model. In other words, 90% of the merged data is used for training and the

remaining 10% is for validation at each fold. We add another experiment here to

evaluate our MB-TCN with 10-fold stratified cross-validation. Fig. C.9 displays

the ROC and PR curves obtained from MB-TCN-AVE. Our MB-TCN method yields

mean AUROC and AUPRC scores of 0.954 and 0.770 respectively, which outperforms

the GP-TCN with the mean AUROC and AUPRC scores of 0.93 and 0.70. In addition,

our MB-TCN-AVE achieves a more robust prediction compared to the GP-TCN.

Specifically, the standard deviation of the AUROC (AUPRC) score from MB-TCN-

AVE is 0.008 (0.027) which is significantly smaller compared to the GP-TCN method

whose standard deviation is 0.04 (0.1). Hence, our MB-TCN framework significantly

outperforms the GP-TCN, achieving a more accurate and robust sepsis prediction.
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2.5 Discussion

2.5.1 Interpretation on Performance Improvement of MB-

TCN

The performance improvement of the proposed MB-TCN framework is mainly due to

the following three modules:

(1) Missing-value Mask: We design a missing-value mask to characterize

the missingness structure in the data without the need for additional statistical

assumptions as most existing imputation approaches do. The missing-value mask

is considered as one extra input of MB-TCN as shown in the network structure (Fig.

C.1). As such, the network is trained to directly learn the missingness patterns in

the data for accurate sepsis prediction, and no extra uncertainty or imputation error

will be introduced into the predictive model as compared to most existing imputation

methods.

(2) Multi-branching Architecture: The multi-branching architecture is an-

other contributor to the performance enhancement. The strengths of the multi-

branching architecture are due to: (a) Balanced Training Datasets : Balanced training

datasets are created by under-sampling the majority class and combining them with

the minority class. Each branching output is trained with a balanced dataset. As

such, the imbalanced data issue is significantly relieved compared with the pure

TCN or other machine learning models that are trained with a highly imbalanced

dataset, leading to a significant performance improvement. (b) Robust Prediction:

The multi-branching architecture is similar to the ensemble scheme, which pursues

diversity to improve the generalization ability of MB-TCN by combining the decisions

from multiple individual classifiers. Specifically, each branching output is trained

by different balanced subset, which ensures that different branches learn different

mapping functions for the same problem. The final prediction is further obtained

by combining all branching outputs. As such the multi-branching scheme can lower
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the variation of each individual branching output and increase the robustness of the

MB-TCN prediction.

(3) Core TCN: The core TCN module is trained by the entire original training

dataset. In other words, there is no information loss associated with the MB-TCN

model as compared with the under-sampling methods. Additionally, it requires no

artificially synthesized data which may introduce extra error or uncertainty into the

predictive model if the synthesized data is of poor quality. As such, the core TCN

module further boosts the prediction performance of MB-TCN.

2.5.2 Limitation of the MB-TCN Framework

One possible limitation is associated with the way to generate the balanced dataset

for each branching output. We originally propose to generate the balanced dataset

by randomly under-sampling the majority class to the size of the minority class

and combining them with the minority data. However, this strategy may not fully

maximize the potential in performance improvement of the proposed multi-branching

framework. This is due to the fact that the sub-dataset of the majority class may

contain redundant information if similar samples (i.e., samples with small discrepancy

measures) are selected and included in the same subset. In order to further improve

the prediction performance of MB-TCN, we propose a new sampling method of DTW-

based Hierarchical Clustering (DTW-HC) to generate the balanced dataset, which is

expected to increase the diversity of the majority-class samples in each sub-dataset.

We denote this new method as MB-TCN+DTW-HC. The sampling procedure is

illustrated in the Appendix A.

Table D.5 shows the performance comparison between original MB-TCN methods

and MB-TCN+DTW-HC methods. Note that MB-TCN+DTW-HC methods achieve

better performance with AUROC and AUPRC scores of 0.900 and 0.560 for AVE,

0.900 and 0.559 for CM, and 0.895 and 0.522 for VO compared with the original

MB-TCN methods. The enhancement achieved by MB-TCN+DTW-HC methods is
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more significant in terms of AUPRC: with an improvement of 6.3% compared with

MB-TCN-AVE (0.527), 6.5% compared with MB-TCN-CM, and 4.6% compared with

MB-TCN-CM. As such, increasing the data diversity in each subset further boosts

the predictive performance of MB-TCN.

2.5.3 The Impact of Sample Length on Performance of MB-

TCN

In the present investigation, we cut the initial points for the long-sequence samples so

that each sample is within the length of 40- and 60-hours, respectively. We compare

the performance of MB-TCN-AVE trained by shorter sequences with that trained by

the original data in Table D.6. Note that here we train our MB-TCN framework with

newly generated balanced data by DTW-HC. We omit DTW-HC here for notation

convenience. Specifically, the AUROC scores provided by MB-TCN-AVE trained by

sequences with 60-hour length decrease from 0.900 to 0.887 and the AUPRC scores

decrease from 0.560 to 0.545 compared with the MB-TCN-AVE trained by full-length

data. The AUROC and AUPRC scores trained by 40-hours length sequences decrease

from 0.900 to 0.872 and from 0.560 to 0.487 respectively, compared with that trained

by full-length data. Thus, training MB-TCN with shorter-sequence samples will have

a negative impact on the final prediction performance. This is due to the fact that

the core TCN applies dilated casual convolution over input sequences to capture both

long-range and local temporal correlation. Important long-range information will be

lost if we cut the original samples into shorter sequences and the resulted prediction

performance will be diminished.
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2.5.4 The Impact of Branch Number on Performance of MB-

TCN

Fig. C.10 compares the AUROC and AUPRC of MB-TCN-AVE with 3, 5, 8, 10, and

15 branching outputs, respectively. Here we train the MB-TCN with newly generated

balanced data by DTW-HC. We omit DTW-HC for notation convenience. Note that

the MB-TCN-AVE with 10 branches has the best performance (i.e. AUROC=0.90,

AUPRC=0.56). Too many (e.g., 15) or too few (e.g., 3) branches will introduce a

negative impact on the model performance. This is due to the fact that the optimal

number of branches depends on the number of balanced datasets that can be created

from the training set. Specifically, there are 8.8% positive cases and 91.2% negative

cases in the training set whose negative cases can be divided into around 10 subsets

to form 10 balanced datasets combined with all the positive cases. Too few or too

many branching outputs will result relatively imbalanced sub-dataset for each branch,

leading to a deteriorated prediction performance. Nevertheless, the AUPRCs given

by the MB-TCN-AVE with all the different number of branching outputs significantly

outperform the existing deep learning-based methods. This is due to the fact that

MB-TCN even designed with many (e.g., 15) or few (e.g., 3) branching outputs is

trained with a relatively balanced training dataset. The ratio of the majority-class

data over the minority is approximately 3.45:1 and 0.7:1 for the 3 and 15 branching

outputs, respectively. The imbalanced data issue is significantly relieved compared

with the pure TCN with an imbalanced ratio of 10.36:1, leading to a significant

performance improvement.

2.6 Conclusions

In this paper, we develop a novel framework of Multi-Branching Temporal Convolu-

tional Network (MB-TCN) to investigate multivariate longitudinal medical data for

robust and reliable prediction of sepsis. We first define a missing-value mask as one of
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the TCN inputs to capture the missingness pattern in the medical records. Second, we

design a multi-branching architecture composed of a core TCN and multi-branching

outputs to handle the imbalanced data. Additionally, we propose to actively search for

MB-TCN hyperparameters based on the GP-UCB criterion. Finally, we implement

the MB-TCN to predict sepsis using the medical data from PhysioNet/Computing

in Cardiology Challenge 2019. Experimental results show that the MB-TCN method

not only efficiently handles the missing value and imbalanced data problems but

also effectively captures the temporal pattern and heterogeneous variable interactions

in complex-structured medical data, yielding a better performance in predicting

sepsis with a higher AUROC and AUPRC scores compared with existing methods.

Moreover, the MB-TCN framework can be broadly implemented to study general

multivariate time series classification problems with missing values and imbalanced

data for chronic disease prediction and anomaly detection.
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Chapter 3

Hierarchical deep learning with

generative adversarial network for

automatic cardiac diagnosis from

ECG signals

Cardiac disease is the leading cause of death in the US. Accurate heart disease

detection is of critical importance for timely medical treatment to save patients’ lives.

Routine use of electrocardiogram (ECG) is the most common method for physicians

to assess the electrical activities of the heart and detect possible abnormal cardiac

conditions. Fully utilizing the ECG data for reliable heart disease detection depends

on developing effective analytical models. In this paper, we propose a two-level

hierarchical deep learning framework with Generative Adversarial Network (GAN) for

automatic diagnosis of ECG signals. The first-level model is composed of a Memory-

Augmented Deep AutoEncoder with GAN (MadeGAN), which aims to differentiate

abnormal signals from normal ECGs for anomaly detection. The second-level learning

aims at robust multi-class classification for different arrhythmias identification, which

is achieved by integrating the transfer learning technique to transfer knowledge from
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the first-level learning with the multi-branching architecture to handle the data-

lacking and imbalanced data issue. We evaluate the performance of the proposed

framework using real-world medical data from the MIT-BIH arrhythmia database.

Experimental results show that our proposed model outperforms existing methods

that are commonly used in current practice.

Index Terms : Deep learning, Hierarchical Model, Generative Adversarial Network,

Multi-branching Output

3.1 Introduction

Heart disease is the leading cause of death in the US (Virani et al., 2021). It is

of critical importance to develop accurate and reliable heart disease diagnoses for

timely medical treatments to save patients’ lives (Yao, 2021; Yao and Yang, 2016).

The heart rhythm is generated by the excitation, propagation, and coordination of

electrical signals from the cardiac cells across different heart chambers. The resulting

electrical signals on the body surface are described by the electrocardiogram (ECG),

which consists of a P-wave, QRS-complex, and T-wave (Hurst, 1998). Changes in

electrophysiological properties will vary the propagation pattern of electrodynamics

and lead to different types of abnormalities and/or cardiac arrhythmias manifested

in the variation of ECG waveform patterns (Garabelli et al., 2016; Borleffs et al.,

2009). In recent years, rapid advancements in wearable sensing and information

technology facilitate the effective monitoring of patients’ heart health conditions

(Zhu et al., 2018; Liu et al., 2020; Yao et al., 2021; Xie and Yao, 2022a; Iranzad

et al., 2021; Yao and Yang, 2020). Routine use of ECG is the most common method

for physicians in everyday clinical practice to assess cardiac electrical activities and

detect possible abnormal conditions. Physicians generally identify cardiac arrhythmia

by checking the ECG waveforms with naked eyes. This can be time-consuming and

may require extensive human resources. Additionally, ECG misinterpretation may

happen especially when there exists a large amount of data to inspect (Schull et al.,
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2006). Auto arrhythmia detection based on machine learning algorithms can provide

important assistance to physicians (Rizwan et al., 2020). However, the research

on fully utilizing ECGs for data-driven disease detection poses several challenges

including:

(1) Nonlinear and nonstationary dynamics: Real-world cardiovascular

systems are featured with nonlinear and nonstationary dynamics from the complicated

interactions of many interconnected parts such as ion channels and gap junctions

to perform cardiac functions, generating ECG signals with nonlinear waveforms.

Traditional statistical and machine learning methods depend heavily on manual

feature engineering of such waveform data, which generally consists of two stages

(Minchole et al., 2019): human experts extract useful features from raw ECGs at

the first stage and then employ machine learning algorithms on the handcrafted

features to generate predictive results at the second stage. However, this procedure

is restricted by the data quality and human expert knowledge (Guglin and Thatai,

2006), and may result in information loss, which lacks the potential for real clinical

implementation. Thus, new algorithms that are able to effectively and automatically

extract useful features are urgently needed for reliable heart disease identification.

(2) Lack of training labels and imbalanced data issue: Most existing data-

driven models for ECG analysis are achieved through supervised learning, which

requires a large volume of annotated ECG cycles (with diagnostic labels such as

normal, abnormal, or specific types of arrhythmia). However, the annotation process

requires cardiologists to manually inspect the ECG signals and assign a label to each

different pattern, which is time-consuming and labor-intensive. Additionally, it is

impractical to collect enough data for each type of disease-altered signals in order

to meet the requirement for sufficient supervised training. This is due to the fact

that data associated with abnormal heart conditions is significantly less than data

from healthy people. Moreover, the occurrence rate of different arrhythmias is highly

diverse. Data-driven predictive modeling based on such imbalanced data tends to

ignore the minority classes, leading to unsatisfactory detection performance. As such,
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new methods that can effectively model the ECGs and account for the data-lacking

and imbalanced data issues are needed for reliable disease identification.

This paper proposes a hierarchical deep learning framework with Generative

Adversarial Network (GAN) to investigate ECG signals for automatic identification

of different types of arrhythmias. We first propose a Memory-Augmented Deep

AutoEncoder with Generative Adversarial Network (MadeGAN) to achieve the first-

level anomaly detection (i.e., binary classification for normal and abnormal signals).

Second, we employ the transfer learning technique to transfer knowledge learned from

the first-level training for second-level multi-class classification to identify different

types of arrhythmias. In addition, in the second-level network, we adapt the multi-

branching architecture developed in our prior work (Wang and Yao, 2021) to solve

the imbalanced data issue among different types of heart diseases. We evaluate our

proposed hierarchical deep learning framework using the data from the MIT-BIH

arrhythmia database (Moody and Mark, 2001). Experimental results show that our

proposed method significantly outperforms existing approaches that are commonly

used in current practice.

3.2 Research Background

A variety of statistical and machine learning algorithms have been developed for

ECG data analysis and pattern recognition (Wang et al., 2013). For example, Yang

et al (Yang et al., 2013) developed a dynamic spatiotemporal warping algorithm

to measure dissimilarities between ECG signals and further employed the spatial

embedding to transform the warping dissimilarity matrix into feature vectors for

myocardial infarction classification. Aziz et al (Aziz et al., 2021) proposed two-event

related moving-averages and fractional-Fourier-transform algorithms to analyze ECG

signals. Bertsimas et al (Bertsimas et al., 2021) utilized the XGBoost algorithm to

capture disease-altered patterns in ECG cycles for heart disease prediction. Wavelet-

based and recurrence analysis approaches have also been widely implemented to learn
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waveform features for ECG classification (Addison, 2005; Yao et al., 2017; Chen

et al., 2019). Lyon et al (Lyon et al., 2018) investigated the linear and quadratic

discriminants, support vector machine, random forest, and Bayesian network for

heartbeat classification from ECG signals. A comprehensive review of statistical

and machine learning methods in ECG detection can be found in (Minchole et al.,

2019; Serhal et al., 2022). However, most existing traditional data-driven methods

depend heavily on manual feature engineering, which is a labor-intensive trial-and-

error process and is generally limited by human expert knowledge (Guglin and Thatai,

2006; Schläpfer and Wellens, 2017).

Deep Neural Network (DNN) is another powerful tool that has achieved promising

results in the area of data-driven disease detection (LeCun et al., 2015). Unlike

conventional statistical and machine learning methods, the main advantage of DNNs

is that they do not require explicit feature engineering. Instead, feature extraction is

automatically achieved by intermediate layers of the network. Due to the powerful

ability of representation learning and feature extraction, DNNs has achieved success

in many fields (Chen et al., 2022; Shi et al., 2022). It has been demonstrated that

DNN-based features are more informative than handcrafted features for arrhythmia

detection (Hong et al., 2019b; Galloway et al., 2019). As such, a variety of

DNN models including convolutional neural networks (CNNs) (Albawi et al., 2018)

have been designed for arrhythmia detection and have outperformed conventional

statistical methods (Serhal et al., 2022; Ebrahimi et al., 2020; Murat et al., 2020;

Eltrass et al., 2021). For example, Hannun et al (Hannun et al., 2019) employed 1D

CNN to classify 12 rhythm classes and achieved high performance that is comparable

to the diagnostic results provided by cardiology experts. Li et al (Li et al., 2018)

combined a 2D CNN and a distance matrix to classify congestive heart failure.

Shashikumar et al (Shashikumar et al., 2018) developed an attention-based model

with a 2d CNN as the feature extractor and a bidirectional recurrent neural network

to capture the temporal pattern in ECG signals.
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However, most existing deep learning algorithms for ECG analysis are based on

supervised learning, which requires a large volume of annotated ECG signals and

also suffers from the problem of extremely imbalanced data. Thus, the application of

unsupervised and semi-supervised learning in ECG analysis has been increasingly

investigated. For example, AutoEncoder (AE), a semi-supervised deep learning

technique, has been widely used to study ECG data by extracting critical low-

dimension representation of the raw signals for disease prediction (Xia et al., 2018;

Xiong et al., 2016). Furthermore, GAN-based framework, another semi-supervised

learning technique to capture inherent data distributions (Goodfellow et al., 2014; Li

et al., 2021b), has been applied in ECG analysis. For example, Zhou et al (Zhou et al.,

2019) developed a BeatGAN structure to model ECG signals for anomaly detection.

Shin et al (Shin et al., 2020) integrated the AnoGAN framework (Schlegl et al., 2017)

with a decision boundary-based model for ECG anomaly detection. Additionally,

because GANs framework has ability to generate synthetic samples that are similar

to the real data, many researchers employed GANs framework for data augumentation

to handle the imbalanced issue in ECG dataset (Wang et al., 2019b; Xia et al., 2023;

Rath et al., 2021). However, most existing semi-supervised deep learning methods

mainly focus on differentiating the abnormal ECGs from normal ones (i.e., binary

classification) and they are not able to perform multi-class classification to identify

different types of cardiac arrhythmia. Thus, novel analytical models are urgently

needed to efficiently handle the imbalanced data issue and the data lacking problem for

both robust anomaly detection and accurate disease identification from ECG signals.

3.3 Research methodology

As shown in Fig. C.11, this section presents the proposed hierarchical deep learning

framework for automatic ECG diagnosis. We denote a single ECG cycle as x ∈ Rdx×1,

where dx denotes the dimensionality of x. Each ECG cycle is associated with a

multiclass label y. As such, each training data point can be described by the tuple
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(x, y) with y = 0 indicating normal signal and y = 1, 2, . . . ,M corresponding to

other different types of arrhythmias. Our objective is to first differentiate abnormal

ECG signals from normal ones (i.e., first-level anomaly detection) and then classify

the abnormal signals into different types of arrhythmias (i.e., second-level multi-class

classification). Specifically, we propose a Mmemory-augmented deep autoencoder

with generative adversarial network (MadeGAN) to achieve the first-level anomaly

detection. The second-level classification network is constructed by integrating a

shallow classifier with the part of trained discriminator from the first-level learning

(i.e., transfer learning to handle the data-lacking problem) and a multi-branching

layer (to handle the imbalanced data issue).

3.3.1 MadeGAN for First-level Anomaly Detection

The goal of first-level MadeGAN is to differentiate abnormal ECG cycles from normal

ones. Specifically, MadeGAN is trained with normal samples and aims to generate

similar reconstructed signals for normal ECG inputs with small anomaly scores and

dissimilar reconstructions for abnormal ECGs with bigger anomaly scores. As shown

in Fig. C.11(a), the MadeGAN is designed by integrating semi-supervised learning

based on memory-augmented deep autoencoder (MemAE) (Gong et al., 2019) with

adversarial training, which will be detailed in the following subsections.

Semi-supervised learning based on memory-augmented deep autoen-

coder (MemAE)

The MemAE consists of three key modules: an encoder to encode the input signal

x ∈ X and generate a query latent vector z ∈ Z, a decoder to reconstruct signal x̂

from the latent space, and a memory module with a prototypical database to store the

encoded patterns of normal ECGs. In other words, MemAE is composed by adding

a memory module into an autoencoder (AE).

An AE leverages feedforward neural networks for representation learning where

the input is the same as the output. A traditional AE only contains an encoder and a

46



decoder. The encoder is characterized by a function fe(·) from original data domain

X ⊂ Rdx×1 to a latent manifold domain Z ⊂ Rdz×1, i.e., fe(·) : X → Z, which

captures the critical information of the original signal x by designing a latent vector

z with reduced dimensionality (i.e., dz < dx) through

z = fe(x,θe) (3.1)

where θe denotes the parameter set of the encoder. The decoder is defined by the

function fd(·) to convert z back to the original space and generate the reconstructed

signal as

x̂ = fd(z,θd) = fd(fe(x,θe),θd) (3.2)

where θd denotes the parameter set of the decoder. The objective of AE is

to effectively compress the input data x into a latent-space representation z

and reconstruct a signal x̂ that is close to x from the encoded representation.

This optimization objective is generally achieved by minimizing the following

reconstruction error:

Led(θe,θd) =
1

N

N∑
i=1

∥x̂− x∥2 (3.3)

where N denotes the size of the training set. If the AE is trained purely based

on normal data, it is expected that bigger reconstruction errors will be produced for

abnormal input signals than the normal inputs. As such, AE has been widely applied

for anomaly detection in various areas (Gong et al., 2019).

However, traditional AE-based approaches for anomaly detection often fail to

explicitly consider variations in normal signals. In particular, nonlinear and non-

stationary dynamics are inherent in the real-world cardiovascular system, generating

ECG signals with nonlinear waveforms. There are variations in the shape, amplitude,
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and phase among different ECG cycles even under normal conditions. Due to the

powerful representation capability of DNN, the AE trained by normal signals with

diverse patterns tends to generalize well and may reconstruct abnormal signals with

small errors (Gong et al., 2019). To mitigate the drawback of traditional AEs, we

leverage a memory module to recognize the diversity of normal patterns and reduce

the generalizability of AE to abnormal signals as inspired by the work from (Gong

et al., 2019).

The memory module is added in between the encoder and decoder as shown in

Fig. C.11(a) and is formed by a memory database with a matrix of Ω ⊂ RNΩ×dz to

store the representative latent features of normal ECG signals, where NΩ denotes the

number of prototypical vectors stored in the memory module. Given a latent variable

z, the memory module will generate a retrieved latent representation according to

ẑ = ΩTw =

NΩ∑
i=1

wiωi (3.4)

where ωi denotes the ith memory element in the memory database Ω, and w is a

weight vector with wi ≥ 0 and
∑NΩ

i=1wi = 1 to characterize the contribution of each

prototypical vector in Ω when constructing ẑ. Note that the weight vector w is

designed based on the similarity between the memory elements and the latent query

vector z as

wi =
exp(d(z,ωi))∑NΩ

i=1 exp(d(z,ωi))
(3.5)

where d(·, ·) is a similarity measure, which is selected as the cosine similarity d(z,ωi) =

zTωi

∥z∥∥ωi∥ in this study. Hence, the memory module is designed to extract prototypical

vectors in Ω with high similarity with z to generate the representation vector ẑ. ẑ

will then serve as the input of the decoder to reversely map the latent domain back

to the original space and generate the reconstructed signal x̂, i.e., x̂ = fd(ẑ,θd).
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Adversarial-training enhanced anomaly detection

To further optimize the AE, minimize potential overfitting possibility, and enlarge

the gap in reconstruction error between anomalous and normal signals, we propose

to leverage the GAN framework (Goodfellow et al., 2014) to incorporate adversarial

training into the MemAE. The GAN consists of two modules: a generator G and a

discriminator D. G is designed to generate synthetic samples that are similar to the

real data, while D aims to classify the data as real or artificial. The competition

between G and D enables GAN to learn the underlying data distribution and further

generate high-quality synthetic samples by optimizing the objective function:

min
θG

max
θD

V(θG;θD) = Ex∼Px [logD(x;θD)] + Eẑ∼Pz [log(1−D(G(ẑ;θG);θD))] (3.6)

where θD and θG denote the parameter sets of the discriminator and generator

respectively, and Px and Pz represent probability distributions of the real sample

and latent variable spaces, respectively. The discriminator D tries to maximize the

objective function in Eq. (3.6) with respect to θD given a fixed generator G(·;θG) by

assigning probability of 1 to real data points x and 0 to generated samples x̂. The

objective of generator, G, is to reconstruct a signal x̂ as similar as the original input

and fool discriminator D into classifying the synthetic signal as real by minimizing

Eq. (3.6) with respect to θG given a fixed discriminator D(·;θD).

In the present investigation, we adopt the MemAE as the generator of GAN, i.e.,

G(·) = fd(fe(·;θe,Ω),θd), to design a Memory-Augmented Deep AutoEncoder with

Generative Adversarial Network (MadeGAN) for the first-level anomaly detection.

Hence, the objective function in Eq. (3.6) becomes

min
θG

max
θD

V ′(θG;θD) = Ex∼Px [logD(x;θD) + log(1−D(fd(fe(x;θe,Ω),θd));θD)](3.7)

where θG = {θe,Ω,θd}, which denotes the parameter set in MemAE. In other words,

we add adversarial training into the MemAE to improve the performance in anomaly
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detection. Additionally, in order to guarantee the success of the training procedure,

we add feature matching loss (Salimans et al., 2016) into the objective function of

the generator to minimize the difference of meaningful features that are learned by

hidden layers of the discriminator between the real and synthetic signals. Specifically,

the feature matching loss is defined as:

Lfm(θG) = Ex∼Px∥hD(x)− hD(x̂)∥ (3.8)

where hD(·) denotes feature vector learned from intermediate layers of the discrimi-

nator D.

Moreover, in order to increase the computation efficiency, we propose to promote

the sparsity of the weight vector such that the representation latent vector ẑ can

be reconstructed with a restricted number of phenotypical patterns in the memory

database. This is achieved by minimizing the L1 norm of the weight vector w, i.e.,

Lw(Ω) = ∥w∥1 (3.9)

As such, the loss function of the MemAE is adapted by the adversarial training given

a fixed discriminator D(·;θD) as

LedA(θG;θD) = Ex∼Px∥x− x̂∥2 + Lw(Ω) + Ex∼Px∥hD(x)− hD(x̂)∥ (3.10)

where x̂ = fd(fe(x;θe,Ω),θd). LedA(θG;θD) is also considered as the loss function

of the generator in the proposed MadeGAN to improve the robustness and stability

of network training. Thus, the overall objective of MadeGAN is given by

min
θG

max
θD

L(θG,θD) = V ′(θG;θD) + LedA(θG;θD) (3.11)

By optimizing L(θG,θD), the adversarial training pushes the generator (i.e., the

MemAE) to improve in generating realistic reconstructions from normal inputs such
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that the discriminator cannot distinguish between the real and artificial signals.

As such, the proposed MadeGAN is expected to enhance the anomaly detection

performance of traditional AE and MemAE to better preserve the phenotypical

patterns of normal ECG data, which will output low reconstruction errors for normal

signals and high errors for abnormal ones.

Anomaly detection

During the inference stage, the anomaly degree of a new query signal x is evaluated

by the following anomaly score:

s(x) = ∥x−G(x)∥ (3.12)

which quantifies the discrepancy between the true signal and the signal reconstructed

by patterns extracted from normal signals by G. The network is expected to output

big anomaly scores for abnormal signals. On the other hand, a small s(x) indicates

that the test signal x shares similar patterns as seen in normal ECGs, which will then

be classified as normal by the proposed MadeGAN.

3.3.2 Transfer learning-enhanced second-level classification

The objective of second-level learning is to classify the abnormal ECGs identified

from first-level MadeGAN into different types of arrhythmias for accurate disease

detection, as shown in Fig. C.11(b). Note that the performance of deep learning-

based classification depends, to a great extent, on the quality and quantity of training

data. However, due to the expensive data collection and labeling process, data

associated with abnormal heart conditions is significantly less than that from the

healthy condition. Moreover, the occurrence rates of different diseases are highly

diverse, depending on the underlying characteristics of the patient’s health condition,

which leads to imbalanced data sizes for different disease types. Traditional predictive

modeling based on such small and imbalanced data tends to generate biased estimates,

leading to unsatisfactory detection performance. As such, innovative design of
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network architecture and novel training technique are urgently needed to study ECG

signals for accurate disease identification.

Here, we propose to take advantage of the large volume of normal ECG cycles

to improve the second-level classification through transfer learning (Pan and Yang,

2009). Note that even though the exact distribution and morphological shapes

between normal and abnormal ECGs are different, they share common patterns on

the macroscale. For example, each ECG consists of a P-wave, QRS-complex, and T-

wave. Hence, such macroscale pattern information in normal ECGs can be transferred

to the second-level learning to improve the classification performance.

Transfer learning generally involves two different domains: source domain XS,

and target domain XT , and the corresponding two different learning tasks TS and TT ,

respectively. The objective of transfer learning is to leverage the knowledge learned

from TS from the source domain XS to improve the learning task TT in the target

domain XT . Specifically, in the present investigation, the source domain XS consists

of the normal ECG data and the associated task TS is anomaly detection. Our target

task TT for second-level learning is multi-class classification to identify different types

of arrhythmias from the data in the target domain XT (i.e., abnormal ECGs). To

achieve the knowledge transfer, we adopt the discriminator D in the MadeGAN with

learned network parameters θ̂D from the first-level training to improve the learning

of the multi-class classification TT in the second level.

In addition, because the common problem of imbalanced data may still exist in

different types of abnormal signals, we add the multi-branching (MB) architecture

(Wang and Yao, 2021) as shown in Fig. C.11(c) to the 1-D CNN to address

the imbalanced data issue and further improve the classification performance.

We denote the abnormal dataset as DA = {XA,yA}, where XA is the set of

abnormal ECGs and yA denotes the corresponding label set. Assume there are

M different types of arrhythmia or DA consists of M different sub-groups, i.e.,

DA = {D1, . . . ,DM}, and assume class l contains the smallest data samples, i.e.,

|Dl| ≤ |Dm| for m ̸= l and m ∈ {1, . . . ,M}. We generate Nb balanced datasets,
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DAi’s (i ∈ {1, . . . , Nb}), from DA by under-sampling the class with larger sample size,

i.e., DAi = {D1i, . . . ,D(l−1)i,Dl,D(l+1)i, . . . ,DMi}, where Dmi is a subset by under-

sampling the data Dm from type m arrhythmia (m ∈ {1, . . . , l − 1, l + 1, . . . ,M}) to

the same size with Dl. The corresponding Nb branching outputs for the Nb balanced

datasets are further created and attached to the 1D CNN for robust and accurate

disease identification.

The shallow 1D CNN will be trained by all the Nb datasets, and each branching

output will be trained by the corresponding balanced sub-dataset. This MB

architecture and training procedure will enable the network to learn more effectively

from the imbalanced dataset for reliable classification (Wang and Yao, 2021). The

objective of second-level learning is to search a set of optimal parameters such that

the network outputs a high probability for the true label and low probabilities for

others. As such, we select the multi-class cross-entropy as the loss function of the

second-level network:

L(θ2nd;XA) = −
NA∑
p=1

Nb∑
i=1

I(p ∈ DAi)
( M∑

m=1

y(m)
p log(P̂

(m)
i (θ2nd; D̄(xp

A; θ̂D)))
)

(3.13)

where θ2nd denotes the parameter set of the second-level network, NA is the sample

size of the abnormal dataset, I(·) is an indicator function, and P̂
(m)
i (θ2nd; D̄(xp

A; θ̂D))

is the predicted probability of type m arrhythmia from branching output i given the

features D̄(xp
A; θ̂D)) extracted by the discriminator from the input xp

A. Please see

more details about the MB network in our prior work (Wang and Yao, 2021). The

final predicted probability of class m for input xp
A is given by

P̂ (m) =
1

Nb

Nb∑
i=1

P̂
(m)
i (θ2nd; D̄(xp

A; θ̂D)) (3.14)

Integrating the MB structure and the discriminator-based transfer learning with

the 1D CNN enables our second-level model (MB-Conv1d-Discrim) to overcome
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the data-lacking and imbalanced data issues, and further improve the classification

performance for accurate disease identification.

3.4 Experimental Design and Results

3.4.1 Data Description and Experimental Design

The dataset used in this study is obtained from MIT-BIH database (Moody and Mark,

2001). This dataset contains 48 half-hour ECG recordings, which is obtained from

47 subjects from the Beth Israel Hospital Arrhythmia Laboratory between 1975 and

1979. Each recording is digitized at 360 samples per second with 11-bit resolution.

Two or more independent cardiologists annotate the beats in each recording. We

remove four recordings (102, 104, 107, 217) because of their poor signal quality. Each

heartbeat is segmented through the following procedure: (1) The Pan-Tompkins QRS

detection algorithm (Pan and Tompkins, 1985) is first employed to detect all R-peak

locations in original ECG recordings; (2) 320 samples are then selected for each

heartbeat with 140 samples before the corresponding R-peak and 180 samples after

it. This procedure guarantees that segmented signals have the same dimension and

approximately cover one heart cycle. In total, our dataset contains 97,553 annotated

beats including: 86,717 normal signals (N), 7,008 premature ventricular contractions

(V), 3,026 supraventricular premature beats (S), and 802 ventricular fusion beats (F).

Additionally, we employ the high-pass finite impulse response (FIR) filter to reduce

multiple types of noise commonly seen in ECG signals such as power-line interference

and baseline wandering (An and K Stylios, 2020).

The performance of our first-level MadeGAN in anomaly detection will be

compared with a pure AutoEncoder (AE), AE with memory module (MemAE),

and BeatGAN (Zhou et al., 2019). The pure AE only contains an encoder and a

decoder trained by only normal signals. However, due to the powerful representation

capability of DNN, the AE trained by normal signals with diverse patterns tends to
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generalize well and may reconstruct abnormal signals with small errors, leading to

unsatisfactory performance for anomaly detection. BeatGAN is a semi-supervised

learning framework consisting of traditional AE with adversarial training. The

adversarial training can improve the model robustness, but BeatGAN still suffers

from the limitations of traditional AE. MemAE is a variation of traditional AE, where

a memory module is added between encoder and decoder. The memory module can

recognize the diversity of normal patterns and reduce the generalizability of AE to

abnormal signals. However, it is less robust compared to the models trained by

adversarial training framework. This is due to the fact that the adversarial training

pushes the generator to improve in generating realistic reconstructions from normal

inputs, further enlarging the gap in reconstruction error between anomalous and

normal signals.

The second-level model (i.e., MB-Conv1d-Discrim) will be benchmarked with a

pure 1D CNN (Conv1d), 1D CNN with the generator feature extractor (Conv1d-

Gene), 1D CNN with the encoder feature extractor (Conv1d-Encoder), 1D CNN with

the discriminator feature extractor (Conv1d-Discrim), 1D CNN with an MB layer

(MB-Conv1d), Conv1d-Gene with an MB layer (MB-Conv1d-Gene), and Conv1d-

Encoder with an MB layer (MB-Conv1d-Encoder). The pure 1D CNN can be used as

a classifier for time series data, but it lacks the ability to handle extremely imbalanced

datasets and requires a large number of training data for good prediction performance.

The 1D CNN combined with transfer learning method (i.e., Conv1d-Encoder, Conv1d-

Discrim, Conv1d-Gene) can mitigate the problem of lacking of training data, but it

cannot handle the imbalanced data issue. Three different feature extractors (i.e.,

Encoder, generator, discriminator) can be chosen to do transfer learning. However,

only the discriminator (i.e., trained by fake and real data) performs a classification

task. As such, the discriminator-enabled transfer learning (i.e., Conv1d-Discrim) can

capture more accurate features for the second-level task (which is also a classification

task) compared with other feature extractors. The multi-branching (MB) framework

(Wang and Yao, 2021) is effective to handle the imbalanced data issue, which is
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combined with the transfer learning, i.e., MB-Conv1d-Encoder, MB-Conv1d-Discrim,

MB-Conv1d-Gene, to further improve the classification performance.

The performance of both the first and second-level learning will be evaluated

according to: two overall performance metrics, i.e., Area Under Receiver-Operating-

Characteristic Curve (AUROC), and Area Under Precision-Recall Curve (AUPRC),

and five-point performance metrics, i.e., Recall, Precision, f − score, Accuracy,

and Balanced − Accuracy. The ROC characterizes the relationship between the

False Positive Rate (FPR) and True Positive Rate (TPR), and AUROC is a score

quantifying the general prediction performance across all thresholds. Similarly, the

AUPRC evaluates the overall relationship between Recall and Precision. Note that

the Balanced−Accuracy for the performance of second-level models is equivalent to

the average of Recall scores for all the abnormal classes.

To evaluate the performance metrics for the first-level anomaly detection, we

calculate the anomaly score, si, for each sample in the test set, generating the set

SA = {s1, s2, . . . , sNT
}, where NT denotes the number of samples in the test set.

Then, we apply feature scaling to convert the anomaly scores into the probabilistic

range of [0,1]:

s
′

i =
si −min(SA)

max(SA)−min(SA)
(3.15)

As such, different thresholds on the normalized score s
′
i will be applied to calculate

FPR, TPR, Recall, and Precision, and further compute the AUROC and AUPRC

scores for the first-level anomaly detection.

3.4.2 Training and Testing Procedures

Fig. C.12 shows the detailed architecture of the proposed two-level framework. Our

first-level MadeGAN contains four core modules: encoder, decoder, memory module,

and discriminator. We use five 1D convolutional (Conv1d) layers in the encoder.

Note that the notation of (nfilter, nsize, nstride) represents that there are nfilter filters
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with a filter size of nsize and the stride of nstride. For example, (32-4-2) means that

this Conv1d layer is constructed by 32 filters with the filter size of 4 and stride of

2. The latent space dimension of the encoder is 50, i.e., dz = 50. Additionally, we

use batch-normalization and leaky ReLU activation to each Conv1d layer to make the

model training more stable. The decoder is a mirrored version of the encoder with five

transposed Conv1d layers. The memory model contains 2000 prototypical vectors of

normal ECGs, i.e., NΩ = 2000. The discriminator has the same core architecture as

the encoder with an additional Conv1d and fully connected layers for classification.

Our second-level model consists of a Conv1d layer, an MB layer with 4 branching

outputs, and a feature extractor. Note that the feature extractor is composed of the

discriminator without the last Conv1d and fully connected layers (i.e., the part of

discriminator inside the dashed box in Fig. C.12). Specifically, the abnormal signal

will first go through Conv1d (32-4-2), Conv1d (64-4-2), Conv1d (128-4-2), Conv1d

(256-4-2), and Conv1d (512-4-2) layers in the discriminator including all Leaky Relu

and Batch normalized layers. Then, the output from Conv1d (512-4-2) layer will

go to the shallow 1D CNN layer (i.e., Conv1d (32-1-2)) and an MB layer to make

the final second-level prediction. Adam optimizer with an initial rate of lr = 0.0002

and momentums of β1 = 0.5, β2 = 0.999 is used for network training. The network

hyper-parameters, i.e., {nfilter, nsize, nstride, dz, NΩ, lr, β1, β2} are selected by empirical

fine-tuning.

Fig. C.13 shows the training and testing procedures for the proposed model.

Specifically, during the first-level MadeGAN training, we use 90% normal signals as

the training set and the rest of 10% normal signals as the test set. In order to evaluate

the anomaly detection performance of MadeGAN in the testing phase, all abnormal

ECGs are combined with the rest 10% normal ones to form the test set. During the

second-level training, we use 90% abnormal ECGs as the training set, which contains

3 different types of arrhythmias (i.e., the V, S, and F samples). The rest of 10%

abnormal signals is used as the test set to evaluate the performance of the second-

level classification. Note that during the second-level training, the parameter θ̂D of
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discriminator D adopted from MadeGAN is held frozen to achieve the knowledge

transfer from the first-level learning.

3.4.3 Experimental Results

First-level Anomaly Detection

Table D.7 shows the performance comparison between MadeGAN and other bench-

marks in the first-level anomaly detection. Note that MadeGAN achieves the best

performance with AUROC and AUPRC scores of 0.954 and 0.936. Specifically,

MadeGAN improves on AUROC by 5.3% compared with the pure AE (0.906), by

2.9% compared with MemAE (0.927), and by 1.4% compared with BeatGAN (0.941).

Furthermore, the improvement is more significant in terms of AUPRC: with the

improvement of 5.6%, 3.8%, and 1.5% compared with the pure AE (0.886), MemAE

(0.902), and BeatGAN (0.922), respectively.

Fig. C.14 (a) and (b) display the AUROC and AUPRC over 350 epochs in the

test dataset for different methods. Note that the pure AE and MemAE converge in

the first 100 epochs but achieve relatively low performance scores, i.e., AUROC of

0.906 and 0.927, and AUPRC of 0.886 and 0.902, respectively. On the other hand,

the performance scores of MadeGAN and BeatGAN improve over epochs and achieve

better AUROC of 0.954 and 0.941, and AUPRC of 0.936 and 0.922, respectively. This

is due to the fact that both MadeGAN and BeatGAN incorporate the adversarial

training into the reconstruction, which alleviates the potential overfitting problem

in AE training. In addition, the memory module enables MadeGAN to effectively

account for the possible variations in normal signals and reduce the possibility of

reconstructing abnormal ECGs with small errors. This further enlarges the gap in

reconstruction errors between normal and abnormal signals, which makes MadeGAN

achieve better performance compared with BeatGAN. Table D.8 further shows the

performance comparison in terms of point metrics. Note that our MadeGAN yields
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the best Recall, Precision, f -score, Accuracy, and Balanced − Accuracy of 0.954,

0.856, 0.902, 0.885, and 0.913 respectively among the five methods.

Fig. C.15 displays the examples of reconstructed ECG signals generated by our

first-level MadeGAN and other benchmarks for normal ECGs and different types

of abnormal ECGs. Here, we adopt the reconstruction error (i.e. ∥x̂ − x∥2) to

evaluate the performance for different approaches. Because all models are trained

purely by normal ECGs, we expect that a small reconstruction error will be produced

from the normal signal and a large error will be generated from the abnormal signal.

According to Fig.C.15 (a), although the reconstructed signals from all the methods

match with the input normal signal closely, our MadeGAN generates the smallest

reconstruction error (0.042) compared to other approaches (0.109 for BeatGAN, 0.074

for AE, and 0.053 for MemAE). On the other hand, according to Fig. C.15 (b)-(d),

MadeGAN is able to generate the most dissimilar reconstructions and produces the

largest reconstruction errors for abnormal signals. For example, the reconstruction

error generated by MadeGAN for the S class is 6.488, which is significantly bigger

than 2.402 by BeatGAN, 0.305 by AE, and 0.612 by MemAE.

Second-level Arrhythmia Identification

Table. D.9 shows the AUROC and AUPRC of our MB-Conv1d-Discrim and

other MB-based and Conv1D-based benchmarks in the second-level arrhythmia

classification. Note that a good model will have a large AUROC and AUPRC.

According to Table. D.9, our MB-Conv1d-Discrim has the best AUROC and AUPRC

among other methods. Specifically, compared with MB-Conv1d-Gene and MB-

Conv1d-Encoder, our MB-Conv1d-Discrim increases AUROC from 0.983 and 0.963 to

0.988, and increases AUPRC from 0.981 and 0.955 to 0.989 for the S class. Similarly,

for the V class, MB-Conv1d-Discrim improves AUROC from 0.985 and 0.960 to 0.988,

and increases AUPRC from 0.981 and 0.938 to 0.987 compared with MB-Conv1d-

Gene and MB-Conv1d-Encoder. The improvement is more significant in the F class,
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which has the smallest sample size among the three classes. Specifically, MB-Conv1d-

Discrim achieves 1.5% and 3.8% performance improvement on AUROC, and 3.8% and

10.0% improvement on AUPRC compared with MB-Conv1d-Gene and MB-Conv1d-

Encoder for the F class.

Similarly, MB-Conv1d-Discrim increases AUROC from 0.979 and 0.974 to 0.988,

and improves AUPRC from 0.961 and 0.956 to 0.989 compared with Conv1d-Gene

and Conv1d-Encoder for the S class. For the V class, MB-Conv1d-Discrim enhances

AUROC from 0.980 and 0.979 to 0.984, and increases AUPRC from 0.981 and 0.986

to 0.987 compared with Conv1d-Gene and Conv1d-Encoder. For the F class, MB-

Conv1d-Discrim achieves 3.9% (from 0.959 to 0.997) and 4.7% (from 0.952 to 0.997)

performance improvement on AUROC compared with Conv1d-Gene and Conv1d-

Encoder, and achieves 19.3% (from 0.828 to 0.988) and 37.4% (from 0.719 to 0.988)

improvement on AUPRC. More importantly, our MB-Conv1D-Discrim achieves a

significant improvement of 7.3% on AUROC (from 0.924 to 0.997) and 85% on

AUPRC (from 0.534 to 0.988) for F class compared with the pure Conv1D without

any transfer learning or MB layer.

According to Table D.9, the discriminator-based feature extractor outperforms

the generator-based and encoder-based feature extractors. This is due to the fact

that the discriminator is trained to classify the signal as fake or real. In other

words, classification is the learning task of the discriminator in the first-level training,

which is similar to the second-level task (i.e., multi-class classification). However, the

learning tasks for the generator or the encoder are signal reconstruction and latent-

space generation respectively, which are different from the second-level learning task.

As such, the discriminator-based feature extractor yields the best performance to

improve the second-level classification.

It is also worth noting that MB-based methods outperform non-MB-based

methods. This improvement is more significant for the class with a small sample size

(i.e., F class). Specifically, as shown in Table. D.9, MB-Conv1d increases AUROC and

AUPRC from 0.924 to 0.981 and from 0.534 to 0.939 respectively, compared with the
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pure Conv1d model. MB-Conv1d-Discrim increases AUROC and AUPRC from 0.963

to 0.997 and from 0.911 to 0.988 respectively, compared with the Conv1d-Discrim.

This is due to the fact that the MB architecture guarantees each branching output

is trained by a balanced sub-dataset to effectively relieve the imbalanced data issue.

As such, the integration of transfer learning and MB architecture has significantly

improved classification performance in the second-level learning.

Table D.10 further shows the confusion matrix on the test dataset provided by

the proposed second-level model (i.e., MB-Conv1d-Discrim). Note that even for the

F class, our model provides pretty good classification performance. Specifically, 80

F samples are correctly predicted out of the 81 total F samples. Table D.11 shows

the performance comparison of point metrics between MB-Conv1d-Discrim and other

benchmarks. Note that MB-Conv1d-Discrim yields the best Recall, Precision, f -

score, and Accuracy of 0.976, 0.976, 0.975, and 0.976, respectively. Note that MB-

based methods also outperform non-MB methods in terms of the point metrics. For

example, MB-Conv1d-Discrim, MB-Conv1d-Encoder, MB-Conv1d-Generator, and

MB-Conv1d achieve 2.5%, 7.3%, 4.7%, and 22.3% improvement on the f -score

compared with their non-MB counterparts. It is also worth noting that MB-Conv1d-

Discrim achieves a more significant improvement on Recall, Precision, and f -score

than Accuracy compared to the pure Conv1d without any transfer learning or MB

layer. Specifically, MB-Conv1d-Discrim achieves 29.8% performance improvement on

Recall, 21.8% on Precision, and 20.5% on f -score. This is due to the fact that

Recall, Precision, and f -score are more robust evaluation metrics when there exists

an imbalanced issue, which can be effectively addressed by the MB architecture and

transfer learning.

Comparison Study with Existing Literature

In order to benchmark with existing literature, we use the 5-fold cross validation

to further evaluate the proposed first- and second-level models. The 5-fold cross

validation has been proved to be able to generate a less biased estimate of model
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performance and is widely utilized to evaluate machine learning models. Table D.12

summarizes the comparison of AUROC and AUPRC between MadeGAN and existing

methods that used the MIT-BIH dataset for ECG anomaly detection. Our MadeGAN

yields the average of the 5 folds ± 1 standard deviation (std) for AUROC and AUPRC

of 0.950±0.002 and 0.922±0.003, respectively, which outperforms existing methods

(Zhou et al., 2019; Shin et al., 2020).

Table D.13 summarizes the comparison of the performance scores between our

second-level model (i.e., MB-Conv1d-Discrim) and existing approaches. Our method

yields the average (±1 std) of the 5 folds for AUROC of 0.989(±0.001), AUPRC

of 0.984(±0.002), Recall of 0.964(±0.006), Precision of 0.967(±0.005), and f -score

of 0.965(±0.005), which significantly outperforms existing methods. Note that the

Accuracy of our model (i.e., 0.967 ± 0.005) is slightly smaller than the accuracy

(i.e., 0.987) in (Mousavi et al., 2021). However, the Accuracy alone may not serve

as a reliable performance measure when evaluating machine learning models with

imbalanced data issue (Flach and Kull, 2015). For example, if we have a dataset

with 10,000 negative samples and 10 positive samples, we can obtain an Accuracy as

high as 99.9% if we train a model to predict all samples as negative. However, this

model is meaningless because we are more interested in the ability of the model to

predict positive samples, which are commonly evaluated by Recall and Precision.

Note that our model has significantly better Recall and Precision (i.e., 0.964 and

0.967) compared with (Mousavi et al., 2021) (i.e., 0.831 and 0.923).

The performance improvement of the proposed hierarchical deep learning frame-

work compared with existing literature is mainly due to the following four modules:

(1) Memory module: The traditional AutoEncoder trained by normal signals

may potentially generalize and reconstruct abnormal signals well due to the powerful

representation capability of deep neural networks. The memory module added be-

tween the encoder and decoder will mitigate the drawback of traditional AutoEncoder

by recognizing the diversity of normal patterns and reducing the generalization ability

to the abnormal signals.
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(2) Adversarial training: We propose to leverage the Generative Adversarial

Network (GAN) framework to incorporate adversarial training into the Memory

AutoEncoder. The adversarial training pushes the generator to improve in generating

realistic reconstructions from normal inputs such that the discriminator cannot

distinguish between the real and artificial signals. This technique will improve the

performance of AutoEncoder, minimize potential overfitting possibility, and enlarge

the gap in reconstruction error between anomalous and normal signals.

(3) Transfer learning-enhanced second-level classification: Due to the lack

of labeled abnormal signals, we also take advantage of the large volume of normal

ECG cycles to improve the second-level classification through transfer learning. In

order to achieve the knowledge transfer, we leverage the discriminator D from the

MadeGAN with learned network parameters θ̂D from the 1st-level training to improve

the learning of the 2nd-level multi-class classification.

(4) Multi-branching architecture to address the imbalanced-data issue:

The multi-branching architecture is another contributor to the performance enhance-

ment. Balanced sub-datasets are created during the training procedure such that

each branching output is trained with a balanced sub-dataset. This multi-branching

architecture and training procedure will enable the network to learn more efficiently

and effectively from the imbalanced dataset for reliable classification.

3.4.4 Long-term ST Database

In order to further evaluate the performance of our method, we implement the

hierarchical deep learning framework to study the ECG signals for anomaly detection

and classification from the long-term ST database (Jager et al., 2003; Goldberger

et al., 2000). In this dataset, the ECG recordings are digitalized at 250 samples

per second with 12-bit resolution. Heartbeats are annotated by expert annotators

independently using SEMIA, a program written by the group in Ljubljana (Jager

et al., 2003). We randomly select 86,321 normal heartbeats (N), 7,026 premature
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ventricular contractions (V), 3,029 supraventricular premature beats (S), and 405

ventricular fusion heartbeats (F) from the database to evaluate our method through

5-fold cross validation. Similar to the evaluation procedure for the MIT-BIH

database, the performance of our 1st-level model (i.e., MadeGAN) is benchmarked

with AE, MemAE, and BeatGAN. The 2nd-level model (i.e., MB-Conv1d- Discrim)

is benchmarked with Conv1d, Conv1d-Gene, Conv1d-Encoder, Conv1d-Discrim, MB-

Conv1d, MB-Conv1d-Gene, and MB-Conv1d-Encoder.

3.4.5 Experimental Results from the First-level MadeGAN

Table D.14 shows the mean evaluation metrics (± 1 std) from the 5-fold cross

validation obtained from MadeGAN and other benchmarks. Note that our MadeGAN

yields the best average AUROC and AUPRC of 0.984 and 0.986, respectively.

In addition, our MadeGAN generates a more robust anomaly detection with the

smallest std for AUROC (AUPRC) of 0.001 (0.002) compared with other benchmarks.

Similarly, our MadeGAN achieves the best mean Recall, Precision, f -score, and

Accuracy of 0.956, 0.954, 0.947, and 0.955 respectively, and generates a more robust

anomaly detection performance with the smallest std of 0.004, 0.005, 0.004, and 0.003,

respectively.

3.4.6 Experimental Results from the Second-level Classifica-

tion

Table D.15 shows the evaluation metrics obtained from the second-level multi-

classification model. Note that our MB-Conv1d-Discrim model yields the best average

performance scores with AUROC of 0.991±0.002, AUPRC of 0.953± 0.003, Recall

of 0.917±0.005, Precision of 0.955± 0.003, f -score of 0.920±0.003, and Accuracy

0.972±0.003 compared with other benchmarks.
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3.4.7 Discussion on the Limitation

One potential limitation of this work is that we only focus on single-lead ECG analysis.

Although single-lead ECG analysis has great application potential for wearable

everyday health monitoring, cardiologists usually make the medical diagnosis based

on multi-lead ECG signals (e.g., 12-lead ECGs) from patients with severe heart

disease. It is worth noting that 12-lead ECGs are multi-channel time-series signals,

which can be considered as 3D tensors characterized by (nb, nc, nt), where nb is

the batch size, nc is the number of channels (nt = 12 for 12-lead ECGs), and nt

is the number of time ticks of one heartbeat. By re-designing the input layer to

incorporate the channel information, the 3D tensor data can be fed to and train

the network for anomaly detection and arrhythmia identification. However, the

predictive performance depends to a great extent on the network structure details

and hyperparameter selection. One of our future research directions will focus on

adapting the proposed hierarchical deep learning framework and designing effective

network structures to capture both the temporal dynamics within each channel and

the correlations across different channels to analyze multi-channel ECG signals for

heart disease detection.

Another potential limitation is that the finite impulse response (FIR) filter for

ECG denoising may not be effective to remove motion artifacts (Satija et al., 2018; Li

et al., 2014; Satija et al., 2017). In order to further increase the applicability of the

proposed method in real clinical diagnosis, more advanced signal quality assessment

methods are needed in preprocessing step (Satija et al., 2018; Li et al., 2014; Satija

et al., 2017), which will be investigated and combined with our model for ECG signal

analysis in our future work.
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3.5 Conclusions

In this paper, we develop a two-level hierarchical deep learning framework with

Generative Adversarial Network to investigate ECG data for robust and reliable

identification of heart diseases. In the first-level learning, we propose a Memory-

Augmented Deep Auto-Encoder with Generative Adversarial Network (MadeGAN)

to achieve anomaly detection (i.e., binary classification of normal and abnormal

signals). Specifically, the MadeGAN is designed by integrating semi-supervised

learning based on memory-augmented deep auto-encoder (MemAE) with adversarial

training. The MemAE recognizes the diversity of normal patterns and reduces the

generalization ability to abnormal signals. Additionally, the adversarial training

minimizes potential overfitting possibility and enlarges the gap in reconstruction

error between anomalous and normal signals. In the second-level learning, we employ

transfer learning by adopting the discriminator with learned network parameters from

the first-level training to handle the data lacking problem and achieve the multi-

class classification among different types of arrhythmias. Additionally, the multi-

branching technique is used in the second-level model to handle the imbalanced

data issue and enhance the classification performance. Experimental results show

that our framework effectively captures the disease-altered feature patterns from

ECG signals, yielding better performance in predicting heart disease with higher

performance scores compared with existing methods. Moreover, this hierarchical

deep learning framework can be broadly implemented to study other waveform data

such as electroencephalography (EEG) and photoplethysmography (PPG) for smart

anomaly detection and multi-class classification.
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Chapter 4

Multi-branching temporal

convolutional network with tensor

data completion for diabetic

retinopathy prediction

Diabetic retinopathy (DR), caused by damage to the blood vessels in the tissue of

the retina, is a microvascular complication of diabetes. DR is the leading cause of

vision loss among working-aged adults. However, due to the low compliance rate

of DR screening and expensive medical devices for ophthalmic exams, many DR

patients did not seek proper medical attention until DR develops to irreversible

stages (i.e., vision loss). Fortunately, the widely available electronic health record

(EHR) databases provide an unprecedented opportunity to develop cost-effective

machine-learning tools for DR detection. This paper proposes a Multi-branching

Temporal Convolutional Network with Tensor Data Completion (MB-TCN-TC)

model to analyze the longitudinal EHRs collected from diabetic patients for DR

prediction. Experimental results demonstrate that the proposed MB-TCN-TC model

not only effectively copes with the imbalanced data and missing value issues commonly
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seen in EHR datasets but also captures the temporal correlation and complicated

interactions among medical variables in the longitudinal clinical records, yielding

superior prediction performance compared to existing methods. Specifically, our MB-

TCN-TC model provides AUROC and AUPRC scores of 0.949 and 0.793 respectively,

achieving an improvement of 6.27% on AUROC, 11.85% on AUPRC, and 19.3% on

F1 score compared with the traditional TCN model.

Index Terms : Diabetic retinopathy, Electronic health record, Tensor data completion,

Temporal convolutional network, Multi-branching outputs, Missing value, Imbalanced

data

4.1 Introduction

Diabetic retinopathy (DR), caused by damage to the blood vessels in the tissue of

the retina, is a microvascular complication of diabetes. It is a leading cause of vision

loss among working-aged people around the world (Yau et al., 2012). According

to the American Diabetes Association (ADA), almost all type 1 patients and more

than 60% of type 2 patients have varying degrees of retinopathy after 20 years of

diabetes (Association, 2002a). Vision loss can be prevented if DR is diagnosed at an

early stage. Unfortunately, many diabetic patients are unaware of their potential risk

of DR because DR is asymptomatic at the early stage. Thus, they miss the most

effective time window to halt the progression of DR, because vision loss or blindness

is inevitable (Chen et al., 2022). Additionally, although ADA suggests ophthalmic

examinations in the annual DR screening guidelines, the compliance rates are below

expectation, which results in 19% of DR patients being undiagnosed (Yau et al.,

2012; Chen et al., 2022). Furthermore, the shortage of expensive medical devices and

experts for ophthalmic exams also limits the availability of DR screening, especially

in rural and remote areas. As such, reliable and cost-effective DR detection tools are

urgently needed to facilitate the screening of DR.
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With the rapid development of medical information technology, we now live in

an era of data explosion where a large amount of data are readily available and

accessible in the clinical environment (T. Denton, 2023; Alagoz et al., 2021; Yao et al.,

2017; Yao and Yang, 2016). This data-rich environment provides an unprecedented

opportunity for developing automated tools for disease diagnosis. For example, many

data-driven methods have been developed to support clinical decision-making by

leveraging electronic health record (EHR) data (Wang and Yao, 2021; Liu et al.,

2022; Shickel et al., 2017) , which contain rich health information including patient

demographics, vital signs, and lab tests. However, EHR data are generally complexly

structured with a high level of heterogeneity. Fully utilizing EHR data for reliable

data-driven DR diagnosis poses the following challenges.

(1) Poor data quality. Real-world EHRs suffer from the issues of imbalanced

data and missing values. An imbalanced dataset with skewed distribution between

two classes results from the fact that the number of negative patients (without a

specific disease) is generally much larger than that of positive patients. Disease

detection tasks are often formulated as binary classification problems, where each

training sample is from two classes (e.g., positive vs. negative). With imbalanced

training data, the majority class will dominate the classifier, yielding unsatisfactory

performance in predicting the minority class. Missing value problems occur due to

the heterogeneity in clinical needs and lack of documentation (Janssen et al., 2010;

Li et al., 2021a; Groenwold, 2020). For example, patients often do not take all types

of lab tests at every clinic visit. A patient may do Complete Blood Count test to

measure the count of red and white blood cells at one visit, while he/she may take

Comprehensive Metabolic Panel test to measure the level of Alanine Aminotransferase

(ALT) and Blood Urea Nitrogen at the next visit. Such data quality issues will result

in significant biases in decision-making if left unaddressed, constraining the clinical

value of EHRs.

(2) Multivariate longitudinal records. EHR datasets are commonly asso-

ciated with multivariate longitudinal records (or sequences), especially for patients
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with chronic diseases such as DR. The medical variables usually not only have intra-

sequence correlation (i.e., autocorrelation within one individual sequence) but also

have inter-sequence correlation (i.e., the correlation between different sequences).

For example, the observation of ALT of one DR patient at a given time stamp is

correlated with the observation at the nearby time step. On the other hand, the ALT

could also be correlated with the observations of Aspartate Aminotransferase (AST)

at the same or different time steps. Note that EHRs present a wealth of information on

the dynamic evolution of medical variables for large populations. This leads to a new

three-way tensor form of data with patients × variables × sequences, as opposed to

the table form of predictor and response variables in traditional predictive modeling.

Novel machine learning approaches are urgently needed to effectively handle such

complex data structure for disease prediction.

In this paper, we propose a Multi-Branching Temporal Convolutional Network

with Tensor Data Completion (MB-TCN-TC) to model multivariate longitudinal

EHRs for reliable DR prediction by addressing both the imbalanced data and missing

value issues. We first utilize the CANDECOMP/PARAFAC (CP) decomposition to

complete the tensor data for missing value imputation by simultaneously accounting

for the multidimensional correlations between lab test variables, patients, and time

sequences. Second, to further account for the imputation uncertainty, we propose

to add the missing value masks as another input stream to our predictive model to

address the possible discrepancy between the imputed values and true observations.

Third, we adapt the multi-branching TCN framework (Wang and Yao, 2021) to handle

the imbalanced data and model both the intra- and inter-sequence correlations in

the longitudinal EHR data for DR prediction. We evaluate the proposed MB-TCN-

TC on a large real-world clinical dataset. Experimental results demonstrate that

the proposed MB-TCN-TC model achieves better performances for DR detection

compared with existing methods.
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4.2 Research Background

4.2.1 DR screening methods in current clinical practice

The most common screening method for DR is a dilated comprehensive eye

examination (DCEE) performed by an ophthalmologist or optometrist (Association,

2002b). According to the guidelines of diabetes care by ADA (ElSayed et al., 2023),

adults with diabetes should have an initial DCEE within 5 years after the onset of

type 1 diabetes or at the diagnosis time of type 2 diabetes, and have subsequent

exams every 1-2 years if there is no evidence of DR, or at least annually if any level

of DR is present at the initial exam. During the exam, doctors apply eye drops to

enlarge patients’ pupils so that they can examine patients’ retinas with devices such

as a slit lamp. Within 4-6 hours after dilation, the patient’s vision may be blurry and

the patient is advised not to drive. This causes a significant inconvenience, especially

for patients living in rural areas that are a few hours away from the ophthalmologist

or optometrist’s clinic.

An alternative screening method for DR is fundus photography. Trained clinicians

take fundus pictures of diabetic patients. The digital color fundus photographs of

the retina are then evaluated by doctors or certified technicians either at point-of-

care or remotely. This diagnosis process requires experts to manually inspect the

fundus pictures and evaluate the presence of lesions associated with the vascular

abnormalities, which is time-consuming and depends heavily on the clinicians’ domain

knowledge.

4.2.2 Machine Learning for Healthcare Data

The fast-growing healthcare data presents remarkable prospects for data-driven

scientific knowledge discovery and clinical decision support. The utilization of

machine learning in healthcare data analysis has witnessed exponential growth in

recent years. Numerous studies have demonstrated the potential transformative
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impact of machine learning algorithms in deciphering complicated healthcare data

including medical images and EHRs to improve the precision of diagnostic and

treatment strategies (T. Denton, 2023; Holzinger et al., 2023).

Medical imaging such as Magnetic Resonance Imaging, Computed Tomography,

and ophthalmoscopy enables non-intrusive assessment of the inner structures of the

body for disease diagnosis. A substantial body of research has been conducted to

develop effective machine learning methods to analyze the imaging data (Calisto et al.,

2022a; Sivaraman et al., 2023; Gleeson et al., 2023; Calisto et al., 2023; Xie and Yao,

2023; Setzer et al., 2020). In particular, Convolutional Neural Networks (CNNs) have

gained great interest in the field of medical image analysis, largely attributable to their

unique ability to discern intricate structural relationships among neighboring pixels

in images (Tajbakhsh et al., 2016). For example, Sanghvi. et al. (Sanghvi et al.,

2023) developed a CNN model for the detection of COVID and Pneumonia using

Chest X-ray images. Calisto et al. (Calisto et al., 2022b) and Dontchos (Dontchos

et al., 2021) demonstrated the promising potential of CNN models for breast cancer

diagnosis using breast images.

The EHR is an electronic version of a patient’s medical information over time

including demographics, medications, vital signs, laboratory data, etc. A variety

of statistical and machine learning models including logistic regression, support

vector machine (SVM), random forest, and deep neural networks (DNNs) have been

developed to investigate the EHRs with applications in data-driven prediction of

numerous diseases such as sepsis (Wang and Yao, 2021), diabetes (Zhu et al., 2020),

and myocardial infarction (Wang et al., 2022). A comprehensive review on machine

learning of healthcare data can be referred to (Shickel et al., 2017; Xiao et al., 2018)

4.2.3 Existing Work on Data-Driven DR Prediction

In the past decade, a variety of machine-learning models have been developed to

analyze fundus images for automated DR detection. For example, Sopharak et al.
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(Sopharak et al., 2010) proposed a machine learning model for exudate detection in

retinal images of diabetic patients. Specifically, they first leveraged ophthalmologists’

expertise to perform feature extraction and selection. Then, an SVM classifier

was built based on the selected features for DR detection. Roychowdhury et al.

(Roychowdhury et al., 2013) evaluated AdaBoost, k-nearest neighbor (KNN), SVM,

and Gaussian Mixture Model for classifying retinopathy lesions from fundus images.

Reza et al. (Reza et al., 2011) proposed a machine learning algorithm based on

marker-controlled watershed segmentation to detect optic disc, exudates, and cotton

wool spots in fundus images and further identified DR. In general, most traditional

machine learning methods still depend heavily on manual feature extraction and

selection, which is not only a trial-and-error labor-intensive process but also depends

on human expertise (Sopharak et al., 2010; Hasan et al., 2021; Das et al., 2022).

Deep learning models have been proposed to analyze retinal images. The primary

advantage of DNNs over traditional machine learning methods is that DNNs have the

ability to learn complex representations of the input data without the need for explicit

feature engineering (LeCun et al., 2015). DNN-based features have been proved to be

more informative than handcrafted features for data-driven disease detection (Xie and

Yao, 2022a; Wang et al., 2023c; Xie and Yao, 2022b; Zheng et al., 2020). As a result,

DNN models, especially CNNs, have been developed to analyze retinal images for DR

prediction with better performances than conventional machine learning methods.

For example, Ting et al. (Ting et al., 2017) proposed a deep learning model for

screening DR and other eye diseases from retinal images. Wang et al. (Wang et al.,

2020) developed a multi-channel generative adversarial network to investigate retinal

images for DR diagnosis. Comprehensive reviews of data-driven DR diagnosis based

on retinal images can be found in (Hasan et al., 2021; Das et al., 2022).

Despite the impressive performances of DNNs in fundus photography recognition,

expensive imaging devices (e.g., digital fundus cameras) and ophthalmic imaging

skills are still needed, limiting the use of this approach to well-funded healthcare

providers with trained technicians. More cost-effective screening tools based on EHR
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data, which is widely available and accessible to all healthcare settings, have been

developed such as Cox’s proportional hazard model (Semeraro et al., 2011), decision

trees-based methods (Ogunyemi and Kermah, 2015), ensemble models (Piri et al.,

2017), and extreme gradient boosting (XGBoosting) (Wang et al., 2021). However,

many of the methods, e.g., decision trees-based models and gradient boosting-based

models, lack the ability to model the dynamic trajectory of the DR disease. Our prior

work (Chen et al., 2022) has shown that the longitudinal information of the disease

dynamics is conducive to data-driven disease prediction. Note that Cox proportional

hazard models generally assume there is a linear relationship between the medical

variables and proportional hazard (Emmert-Streib and Dehmer, 2019). This linearity

assumption often is not valid for real-world EHR data, which generally describes the

nonlinear and non-stationary disease dynamics.

Table D.16 summarizes the limitations in existing machine learning methods for

DR prediction using EHRs. Specifically, data-driven DR prediction based on EHR

data suffers from the problem of missing values and extremely imbalanced data as we

discussed in Section I. In the literature, there are various studies on the imputation

of missing medical data, which generally estimate the missing values by investigating

the data structure and exploiting the correlation patterns. Common imputation

techniques include case deletion, mean imputation, interpolation and extrapolation,

and advanced machine-learning-based imputation (Cismondi et al., 2013; Imani et al.,

2019). However, most of those methods focus on addressing the missing value issue

in matrix-form data but are not directly applicable to capture the multi-dimensional

correlation among patients, variables, and sequences in longitudinal EHR, and thus

are not well-suited for tensor-form data imputation.

Similarly, various methods have been proposed to handle the imbalanced data

issue, such as random under/over-sampling, informed under-sampling, and synthetic

minority over-sampling (SMOTE) (He and Garcia, 2009; Krawczyk, 2016; Mani and

Zhang, 2003; Chawla et al., 2002). However, under/over-sampling methods suffer

from huge information loss or over-fitting problems. Informed under-sampling (i.e.,
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KNN-based imputation), and SMOTE are not generally applicable for longitudinal

data analysis because, in those methods, the similarity calculation is based on the

Euclidean distance, which may not be able to capture the true closeness between

longitudinal sequences (He and Garcia, 2009; Yao, 2021). Therefore, novel analytical

models are urgently needed to effectively learn from complexly structured longitudinal

EHRs for reliable DR prediction.

4.3 Research Methodology

This section presents the proposed MB-TCN-TC framework for DR prediction from

longitudinal EHRs. Suppose there are N patients indexed by p ∈ {p1, . . . , pN} and

each patient is described by the medical records denoted as (vp, tp, yp): vp ∈ RM

denotes the medical variables; tp ∈ RT is the time point when medical variables are

observed; yp ∈ {0, 1} is the label with yp = 1 indicating that patient p is diagnosed

with DR and yp = 0 otherwise. As shown in Fig. C.16(a), the data for all patients

can be summarized as a tuple D = (X,y), where X ∈ RN×M×T is 3-way tensor

data of size N ×M × T with N , M , T denoting the number of patients, variables,

and time stamps respectively, and y ∈ RN is the label vector. As illustrated in Fig.

C.16(b), the missing values will first be imputed with tensor completion. Second,

missing value masks will be generated to capture the missingness patterns, which will

be combined with the imputed tensor to generate two streams of balanced subsets

by under-sampling the majority class, as shown Fig. C.16(c). Third, the balanced

datasets are fed into the MB-TCN to train the network and further predict the DR

probability for new patients as shown in Fig. C.16(d).

4.3.1 Tensor Completion for Missing Data Imputation

Tensor factorization has been proven to be an efficient method to study the latent

structure in tensor-form data for missing value imputation (Cichocki et al., 2007).
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The critical idea of the tensor-factorization-based imputation is to jointly consider

the multi-dimensional correlations among medical variables, time, and patients

in a compute-efficient way. The CANDECOMP/PARAFAC (CP) decomposition

(Cichocki et al., 2007) is a widely used approach to study tensor data by projecting it

into a linear combination of rank-1 tensors as shown in Fig. C.17. Specifically, suppose

the rank of 3D tensor X (i.e., medical records) is R, where R ≤ min{N,M, T}

and the element of X is denoted as xpvt, where p ∈ {1, . . . , N}, v ∈ {1, . . . ,M},

and t ∈ {1, . . . , T}. Then, the CP decomposition of a complete tensor X is

represented as: xpvt ≜ [[U ,H ,S]]pvt =
∑R

r=1 uprhvrstr, where upr, hvr, and str are

elements of the factor matrices U ∈ UN×R, H ∈ RM×R, and S ∈ RT×R. As

such, the high-dimensional tensor data X is characterized by the low-dimensional

latent space defined by the factor matrices U , H , and S. However, such a

decomposition procedure is not viable if tensor X is incomplete. With missing data,

CP decomposition is achieved by minimizing the mean squared error between the

observed data and reconstructed tensor as:

JW (U ,H ,S) ≜
1

2
∥X − [[U ,H ,S]]∥2W =

1

2

N∑
p=1

M∑
v=1

T∑
t=1

wpvt

(
xpvt −

R∑
r=1

uprhvrstr

)2
 (4.1)

where W is a 3D indicator tensor with wpvt = 0 if xpvt is missing and wpvt = 1

otherwise.

We employ the CP-weighted optimization algorithm (Acar et al., 2011) to solve

this minimization problem in Eq. (4.1) and estimate the factor matrices U , H , and

S. Specifically, at each iteration, we compute X1 = W ∗X and X2 = W ∗[[U ,H ,S]]

(where ∗ denotes element-wise multiplication) and further derive the gradient of the

objective function in Eq. (4.1) by computing the partial derivatives of JW (U ,H ,S)
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with respect to each element, i.e., upr, hvr, str, of the factor matrices:

∂JW (U ,H ,S)

∂U
= (X2(U) −X1(U))(H ⊙ S)

∂JW (U ,H ,S)

∂H
= (X2(H) −X1(H))(U ⊙ S) (4.2)

∂JW (U ,H ,S)

∂S
= (X2(S) −X1(S))(U ⊙H)

where X1(I) and X2(I) are the corresponding matrices resulted from the matricization

(i.e., flattening or unfolding) of tensors X1 and X2 (Kolda and Bader, 2009;

Sidiropoulos et al., 2017): X1(U), X2(U) ∈ RN×MT , X1(H), X2(H) ∈ RM×NT , and

X1(S), X2(S) ∈ RT×NM . The symbol ⊙ denotes the Khatri-Rao product, which

generates a matrix of sizes NM × R for two matrices U ∈ RN×R and H ∈ RM×R

according to:

U ⊙H = [u1 ⊗ h1 u2 ⊗ h2, · · · ,uR ⊗ hR] (4.3)

where ⊗ denotes Kronecker product of two vectors:

(ui ⊗ hi)
T = [ui,1h

T
i ui,2h

T
i · · · ui,Nh

T
i ] (4.4)

Given the computed gradients, the nonlinear conjugate gradient algorithm based

on Hestenes-Stiefel (Nocedal and Wright, 1999) updates and the More-Thuente line

search method for step size (Moré and Thuente, 1994) is engaged to solve the

optimization problem and estimate the reconstructed tensor as X̂ = [[Û , Ĥ , Ŝ]]. As

such, the original incomplete tensor X is imputed as X̄ = W ∗X + (1 −W ) ∗ X̂.

Algorithm 2 summarizes the detailed procedure for tensor-based missing value

imputation.
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Algorithm 2: Tensor-based missing value imputation

Data: X, W , Nm=max iterations, ϵ=error tolerance
Result: Imputed tensor X̄

1 Initialization: X̂0 = [[U 0,H0,S0]], k ← 0, x0 = Vect(U 0,H0,S0)

∈ RR(N+M+T )×1

2 Evaluate : g0 = ∇JW (U0,H0,S0) ∈ RR(N+M+T )×1, p0 ← −g0,

J0 = 1
2
∥X − X̂0∥2W

3 while k < Nm or |Jk+1−Jk|
Jk

> ϵ do

4 Compute αk based on More-Thuente line search
5 Set xk+1 ← xk + αkpk, then update

X̂k+1 = [[Û k+1, Ĥk+1, Ŝk+1]] = Tensorize(xk+1)
6 Evaluate gk+1 = ∇JW (Û k+1, Ĥk+1, Ŝk+1)
7 Compute βHS

k+1 based on Hestenes-Stiefel updates
8 pk+1 ← −gk+1 + βHS

k+1pk

9 Compute Jk+1 = 1
2
∥X − X̂k+1∥2W

10 k ← k + 1

11 end

12 Tensorize xk to X̂ ∈ RN×M×T

13 Return: X̄ = W ∗X + (1−W ) ∗ X̂

4.3.2 Missingness-informed TCN

TCN is an effective tool to capture both temporal correlations in longitudinal

data (i.e., intra-sequence correlation) and heterogeneous patterns between different

features (i.e., inter-sequence correlation) (Bai et al., 2018). Here, we propose a

missingness-informed TCN to process the imputed tensor data X̄ to capture critical

temporal and variable correlation while being aware of missingness patterns for better

prediction. Specifically, as shown in Figure C.18, there are four key features in this

model:

(1) Multi-channel input: TCNs treat the multi-variable longitudinal data as

multi-channel sequences and apply trainable filters to process such multi-channel

input at the same time. Fig. C.19 shows the fundamental procedure of how TCNs

handle multi-variable longitudinal data. Specifically, each variable in the time series

is considered as an individual input channel (e.g., 2 channels in the figure means there
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are 2 variables in the input). TCNs then use convolutional filters to process temporal

data where the filter size determines how many time points the network examines

in one operation, and the channel number of the filter is the same as the number of

input channels. As the filters are applied across the input channels, the network can

learn from multiple interrelated sequences simultaneously, effectively capturing the

intersequence correlations.

(2)Dilated causal convolution: Figure C.18(c) shows the procedure of dilated

causal convolution. Specifically, TCNs achieve the dilated causal convolution with

filters fe : {0, 1, . . . , ke − 1} over longitudinal input as

Conv(t) = (xp,v ∗d fe) (t) =
∑k−1

τ=0
fe(τ) · xp,v(t− τ · d) (4.5)

where xp,v denotes the observations of variable v for patient p over time, ∗ represents

the convolutional operation, d, fe, ke are the dilated factor, filters, and kernel size,

respectively. The causal convolution is realized by t−τ ·d, which ensures the direction

of convolutional operation is toward the past and the network output at the current

time t is not a function of any future information after time t. By tuning dilated

factor d and kernel size ke, TCNs have the ability to capture both local- and long-

range correlations in the temporal domain.

(3) Residual block: Residual block (Fig. C.18(b))(He et al., 2016) is another

critical attribute for effective longitudinal data modeling, which is leveraged to solve

the problem of gradient degradation when the network goes deeper for modeling

complexly structured data. The output of residual block is o(xp
v) = σ(F(xp

v) + xp
v),

where σ(·) is the activation function, and F is a series of operations including the

dilated causal convolution, batch normalization, nonlinear activation, and dropout.

Such residual operation enables the network to focus on the residual of the identity

mapping to cope with the gradient degradation problem in DNN training (He et al.,

2016). Our proposed model consists of two layers of causal convolution and ReLU

activation within a residual block. In addition, we implement batch normalization
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for each causal convolutional layer to re-center and re-scale the input (or the output

of previous layer), which helps to improve the speed and stability of network training

(Ioffe and Szegedy, 2015). Moreover, a dropout layer is added for each causal

convolution to avoid the possible over-fitting problem (Srivastava et al., 2014).

(3) Missing value masks: To account for the possible discrepancy between the

imputed values and true observations, the missing value masks, i.e., the 3D indicator

tensor W , will serve as another input of the TCN model as shown in Fig. C.18(a).

This will enable the network to learn the missingness pattern, i.e., correlation between

non-missing and missing values, for mitigating the impact of possible imputation error

incurred from the imputation procedure on the prediction performance.

4.3.3 Multi-Branching Outputs

In this subsection, we adapt the multi-branching (MB) architecture (Wang and Yao,

2021) to cope with the imbalanced issue in the DR dataset. The MB network structure

consists of a core TCN and an MB output layer. The core TCN can be treated as a

feature extractor or backbone of the network, and the MB layer is the output classifier.

Existing literature has shown that the classifier component of the network suffers more

from the imbalanced data issue, while the backbone portion is less susceptible during

training (Zhou et al., 2020; Huo et al., 2022). As such, we propose to train the core

TCN with the whole dataset and use a balanced sub-dataset to train each branching

output in the MB layer to alleviate the impact of imbalanced data on the classifier.

We denote the original dataset as D, which consists of the minority class, DP

(i.e., DR patients), and majority class DN (i.e., non-DR patients). As shown in Fig.

C.16(c), Nb balanced datasets are created from D by under-sampling the non-DR

class DN as Di = {Di
N ,DP}, where DN = ∪i∈1,...,Nb

Di
N . The same operation will

also be conducted for the missing value masks. Furthermore, an MB layer with Nb

outputs is added at the end of the core TCN to process the Nb balanced sub-datasets.

Fig. C.18 shows the details of our MB network architecture. Note that each balanced
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dataset consists of the imputed EHRs and missing value masks, which are processed

by two parallel sequential residual blocks. Then, the results of two parallel streams

are concatenated and further flow to the fully connected layer. In the end, the MB

output layer will generate Nb predicted DR probabilities based on the outputs of the

fully connected layer. As such, each balanced dataset serves as the training data

for the corresponding branch of the output layer, and the core TCN structure will

be optimized by all the Nb training subsets. Specifically, the optimization will be

achieved by minimizing the binary cross-entropy loss:

L(θ;X,W ) = −
∑N

p=1

∑Nb

i=1
I(p ∈ Di)

(
yp log(P̂i(θ;x

p,wp))

+(1− yp) log(1− P̂i(θ;xp,wp))
)

where θ represents the model parameters, I(p ∈ Di) denotes the indicator function

indicating whether patient p belongs to subset Di, and P̂i(θ;xp,wp) is the prediction

of DR probability provided by i-th branching output for the input signal xp and

the corresponding mask wp of patient p. The final prediction of DR probability for

patient p is the mean of the Nb predicted probabilities:

P̂ (xp) =

Nb∑
i=1

P̂i(θ;xp,wp)/Nb (4.6)

4.4 Experimental Design and Results

4.4.1 Data Source and Data Extraction

The dataset we use in this study is obtained from the 2018 Cerner Health Facts®

data warehouse, one of the largest Health Insurance Portability and Accountability

Act (HIPAA)–compliant databases in the U.S. storing de-identified clinical data

of more than 63 million patients (Chen et al., 2022). This database contains

comprehensive clinical information including patient demographics, hospital visits,
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diagnoses, procedures, medication prescriptions, vital signs, lab tests, etc., providing

an unprecedented opportunity for data-driven diagnosis of DR. The labels are derived

by examining whether one or more DR diagnosis codes exist and “1” represents a DR

patient while “0” represents a non-DR diabetic patient.

We select independent variables based on literature (Yau et al., 2012; Wang et al.,

2020) and include 21 routine blood tests for diabetic patients, 5 comorbidity variables

(i.e., neuropathy, nephropathy, hypertension, obesity, and coronary artery disease), 3

demographic variables (i.e., gender, age, and race), and the duration of diabetes,

which is measured in years from the first diabetic diagnosis to the beginning of

the prediction window. Note that all 21 blood tests are subject to missing values,

the missing rates of which are shown in Fig. C.20. The final dataset consists of

414,199 diabetic patients with a 3% (12,590) DR positive rate. We randomly partition

the dataset into a training set (70%) for model training, a validation set (10%) for

hyperparameters tuning, and a testing set (20%) for performance evaluation.

4.4.2 Experimental Design

As shown in Fig. C.21, the performance of our MB-TCN-TC will be compared

with TCN + different imputation techniques and TCN + imbalanced data handling

methods. Specifically, our MB-TCN-TC method will be benchmarked with TCN

+ carry forward imputation (TCN+CF), TCN + mean imputation (TCN+mean),

TCN + under-sampling, TCN + over-sampling, and pure TCN. Additionally, we

will evaluate the number of branching outputs (i.e., 5, 10, and 20 branches) on the

performance of MB-TCN-TC. The performance of both our model and benchmarking

methods will be evaluated according to 6 metrics: Confusion Matrix, Area Under

Receiver-Operating-Characteristic Curve (AUROC), Area Under Precision-Recall

Curve (AUPRC), Recall, Precision, and F1 score. The ROC curve characterizes the

tradeoff between the True Positive Rate (TPR) and the False Positive Rate (FPR),

and the PRC curve captures the relationship between Precision and Recall. Hence,

82



AUROC and AUPRC serve as the overall metrics across all thresholds, quantifying

the overall prediction performance.

Our model is built using Pytorch leveraging the computational power of an

NVIDIA RTX A4500 GPU. In the CP decomposition-based imputation, we select

the rank of the tensor R = 25, maximum number of iterations Nm = 10, 000, and the

error tolerance ϵ = 10−16. The hyperparameters of our neural network are selected

by empirical fine-tuning. Specifically, our final network model consists of 3 residual

blocks and 10 branching outputs (i.e., Nb = 10); the number of filters is 64 and

kernel size is ke = 3 in the causal convolution; the dilation factor d is selected as 1

for the first and 2 for the second dilated convolutional layer in each residual block;

the dropout rate is 0.5; we select Adam optimizer with an initial rate of 0.0002 and

momentum values of β1 = 0.9, β2 = 0.999 during the network training.

4.4.3 Experimental Results

Fig. C.22 (a) and (b) illustrate the ROC and PR curves of our MB-TCN-TC with 10

branching outputs (MB-TCN-TC-10) and other methods. Note that a good model

in the ROC space is located towards the top-left corner, indicating a low FPR and

high TPR. According to Fig. C.22(a), our method, i.e., MB-TCN-TC-10 with mask,

dominates the ROC space with the highest AUROC of 0.949. On the other hand,

in the PR space, a good classification model should achieve both higher Recall and

Precision, towards the top-right corner. As shown in Fig. C.22(b), the MB-TCN-

TC-10 with mask outperforms other methods, yielding the highest AUPRC of 0.793.

Notably, our MB-TCN-TC-10 method achieves an improvement of 6.27% on AUROC

and 11.85% on AUPRC compared with the pure TCN without the tensor-based

imputation and MB architecture (with AUROC of 0.893 and AUPRC of 0.709).

Table D.17 further shows the performance comparison in terms of Confusion

Matrix along with Recall, Precision, and F1 metrics. Specifically, our MB-TCN-TC-

10 yields the highest true positive rate with 1,880 DR patients correctly identified,
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indicating a strong Recall in detecting DR. Our model also generates a lower false

negative with 680 patients, which is critical in medical diagnostics as it reduces the

risk of missing a potential DR diagnosis. Moreover, our model maintains the highest

overall Precision (0.723) with the smallest false positives (i.e., 722 patients). Hence,

our model makes correct DR prediction more often than other benchmark methods.

Additionally, the highest Recall of 0.734 suggests that our MB-TCN-TC-10 has the

best capability to identify all DR patients. Our model also yields the highest F1 score

of 0.728, achieving the best balance between Recall and Precision.

Table D.18 shows AUROC and AUPRC scores of our MB-TCN-TC and other

imputation methods commonly used in current practice with and without (w/o)

missing-value mask. Note that all the network models compared in Table D.18 contain

a classifier layer with 10 branching outputs. Our MB-TCN-TC with missing-value

mask method provides the highest AUROC and AUPRC performance scores of 0.949

and 0.793 respectively, as compared with MB-TCN+CF with missing-value mask

(with AUROC of 0.925 and AUPRC of 0.734), MB-TCN+CF w/o missing-value

mask (with AUROC of 0.915 and AUPRC of 0.724), MB-TCN+mean with masks

(with AUROC of 0.916 and AUPRC of 0.726), MB-TCN+mean w/o missing-value

masks (with AUROC of 0.920 and AUPRC of 0.727), and MB-TCN-TC w/o missing-

value mask method (with AUROC of 0.937 and AUPRC of 0.775).

Table D.19 further shows the comparison between our MB-TCN-TC-10 model

and other methods in addressing the imbalanced data issue. Note that all methods

compared in this table engage the tensor decomposition-based imputation and

missing value masks to handle the missing value issue. Our MB-TCN-TC-10

method achieves better performance with AUROC and AUPRC scores of 0.949 and

0.793, respectively. Specifically, our MB-TCN-TC-10 achieves 1.71% and 4.89%

improvements on AUROC and AUPRC respectively, compared with the under-

sampling method; increases AUROC and AUPRC performance scores by 2.82% and

2.72%, respectively, compared with the pure TCN that is trained by the original
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imbalanced dataset; increases the AUROC and AUPRC metrics by 1.61% and 2.85%

respectively, compared to the over-sampling method.

4.5 Discussion

4.5.1 Overfitting or underfitting issues in model training

Fig. C.23 shows the values of training and validation losses of our MB-TCN-TC-

10 model over 50 epochs. The training loss keeps decreasing with some random

fluctuations when the epoch increases, while the validation loss first decreases and

then stabilizes around a low value after about 20 epochs. A similar trend is also

observed in the evolution of AUROC over epochs as shown in Fig. C.23 (b). In our

experiments, we select the total epoch number as 26 to increase the computational

efficiency and guarantee the network model is well trained according to Fig. C.23.

Note that the validation loss (AUROC) does not further increase (decrease) as we

increase the training epochs, indicating that there is no overfitting issue. This

is attributable to the dropout layer in our network. Specifically, in our training

procedure, we select the dropout rate as γ = 0.5. The critical idea of dropout

is to randomly freeze a subset of the DNN neurons with a pre-defined probability

(i.e., γ = 0.5) at each training iteration (Srivastava et al., 2014). This technique

introduces stochasticity into network training to avoid the possible overfitting issue,

which is equivalent to the L2 regularization. In fact, the dropout loss function Ldrop

can be written as the summation of the original loss function L (θ;X,W ) and an L2

regularization on the network parameters:

Ldrop = L (θ;X,W ) + λ

l∑
i=1

θ2i (4.7)
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where regularization parameter λ is a function of the dropout rate γ, l denotes the

number of hidden layers, and θi stands for the weights and bias for the ith hidden

layer. This regularization technique effectively avoids the overfitting issue.

Furthermore, it is worth noting that the training loss (AUROC) is larger (lower)

than the validation loss (AUROC). This is also due to the use of dropout layer during

model training. The dropout technique is only used in the training phase to avoid

overfitting, while all neurons are active and contribute to the prediction during the

validation or testing phase. In other words, L2 regularization (i.e., the second term

on the right hand) in Eq. (4.7) is removed during the validation or testing phase,

leading to a lower validation loss compared to the training loss. Additionally, because

all extracted features by the hidden layers remain active for prediction during the

validation phase, a higher AUROC is generated for the validation set compared with

the training phase.

4.5.2 Performance comparison with existing literature

Table D.20 presents a comparison study of the performance scores between our MB-

TCN-TC-10 model and traditional machine learning methods in existing literature.

Note that traditional machine learning methods (i.e., random forest, XGBoost, simple

neural network, logistic regression) are not directly applicable in handling longitudinal

data. To facilitate a meaningful comparison, the longitudinal dataset is transformed

into a non-temporal dataset by only keeping the last encounter of routine blood tests

for each patient to train traditional machine learning models. According to Table

D.20, our model outperforms the benchmarks across various metrics, notably better

than the highest-performance benchmark, XGBoost. Specifically, the MB-TCN-TC-

10 yields an improvement of 3.7% on AUROC and 8.1% in AUPRC compared to

XGBoost.

Additionally, our model achieves the best Recall of 0.734 and the highest Precision

of 0.723. The high Recall and Precision demonstrate that our model is capable of not
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only identifying DR patients more accurately but also achieving a superior reduction

in false-positive rates. Moreover, the highest F1 score of 0.728 further demonstrates

our model’s enhanced capability to maintain an optimal balance between Recall and

Precision. Meanwhile, the MB-TCN-TC-10 provides the highest true positive rate

with 1,880 DR patients correctly identified. Our model also yields the smallest false

negative rate with 680 patients, which is critical in medical diagnostics as it reduces

the risk of missing a potential DR diagnosis. Additionally, our model generates the

smallest false positives (i.e., 722), maintaining the highest overall precision (0.723),

which indicates that our model is able to make correct DR prediction more often

than other benchmark methods. The superior performance of our model is due

to its advanced architecture design (i.e., tensor decomposition-based imputation,

missingness-informed TCN, and multi-branching output) to model multi-variates

longitudinal data with missing value and imbalanced issues. In contrast, traditional

machine learning methods cannot model longitudinal datasets to capture the dynamic

disease trajectory, especially when dealing with missing information and imbalanced

data issues, resulting in suboptimal prediction performance.

4.5.3 Discussion on the performance improvement

According to Tables D.18 and D.19, our MB-TCN-TC model effectively solved the

missing value and imbalanced data issues, which are very common problems in data-

driven disease detection. Specifically, given the same classification layer with 10

branching outputs, our MB-TCN-TC with missing-value mask model yields the best

performance in DR identification (see Table D.18) compared with other imputation

methods. This improvement is due to two unique features of our framework: (1) the

tensor decomposition-based imputation is an effective method to jointly consider the

multi-dimensional correlations among medical variables, time, and patients, which is

conducive to reliably imputing the missing data; (2) the missing-value mask effectively
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captures the missingness structure for mitigating the impact of possible imputation

error on the prediction performance.

Similarly, given the same imputation method (i.e., tensor decomposition-based im-

putation with missing value mask), our MB-TCN-TC-10 provides the most accurate

prediction performance compared to other techniques in handling imbalanced data

(see Table D.19). This improvement is due to the MB-enhanced classifier layer, where

each branching output is trained with a balanced dataset to mitigate the potential bias

induced by the imbalanced data. Additionally, the MB architecture also combines

the predictions from multiple independent classifiers according to Eq. (4.6): the

branching outputs learn different mapping functions, combining which significantly

lowers the variation and increases the robustness of the prediction performance.

Table D.21 further evaluates the prediction performance of the MB-TCN-TC with

5, 10, and 20 branching outputs. When increasing the MB outputs from 5 to 10,

both the AUROC and AUPRC slightly improve. This is due to the fact that the

imbalanced ratio in the training sub-dataset for each branching output improves from

6:1 to 3:1 when using 10 instead of 5 MB outputs. Note that there is a nonnegligible

decrease in the performance scores when further increasing the branching outputs to

20. One possible reason is that the sample size of the balanced sub-dataset to train

each branching output will decrease as the number of branches increases, which may

lead to ineffective or insufficient training of each branching output. Additionally,

increasing the branching outputs too much will also increase the model size, resulting

in a more complex network that is more difficult to converge during the training.

4.5.4 Broad applications

Our predictive model is built based on EHR data, which is readily available and

accessible to all healthcare settings. It does not require fundus images taken by retinal

cameras, which are expensive for underserved populations. Our approach provides a

cost-effective non-image-based tool for DR screening, which has a promising potential
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to increase the compliance rate of recommended ophthalmic exams among asymptotic

patients and overcome barriers to providing ubiquitous diabetic eye care in rural or

underserved areas.

Furthermore, our approach provides effective solutions to the long-lasting chal-

lenges in modeling EHRs including incomplete datasets, imbalanced class distribution,

and multi-variate longitudinal records, thereby ensuring reliable data-driven disease

detection. The versatility of MB-TCN-TC extends beyond DR prediction, making

it applicable for automatic prediction of a wide range of diseases based on EHRs.

Notably, chronic conditions such as Alzheimer’s disease, Myasthenia Gravis, and

Hidradenitis Suppurativa, which typically exhibit gradual, long-term progression

(Liu et al., 2014; Garg et al., 2017; Chang et al., 2022), can significantly benefit

from our MB-TCN-TC approach. Our model can capture critical information about

the heterogenous variable interaction and disease trajectory, which are difficult to

discern through manual inspection of high-dimensional longitudinal EHR data. This

capability facilitates accurate disease detection and has the potential to revolutionize

chronic disease monitoring. These examples underscore the broad applicability of

our research, indicating its potential for further exploration and utilization in diverse

healthcare contexts.

4.5.5 Challenges in real-world clinical implementation

The model implementation in real-world clinical scenarios faces some challenges. One

challenge is associated with the computational burden, which is a common issue in

large-scale machine learning. The unique architecture of our MB-TCN-TC model

allows it to capture intricate patterns in complexly structured EHR data. This, on

the other hand, requires substantial computational resources to execute, especially

when handling a large volume of EHR data. Specifically, our dataset contains 414,199

diabetic patients with multiple medical variables changing over time, resulting in

approximately 217 million data points. In our study, we utilize NVIDIA RTX A4500
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Graphics Processing Units (GPUs) to improve computational efficiency by parallel

processing. As a result, the total training time for 50 epochs is approximately 10

hours.

Furthermore, DNN models are widely recognized to be difficult to optimize in

addition to the computational burden. The objective function is generally non-convex,

meaning there are multiple local optimal solutions. Traditional convex optimization

algorithms and simple gradient descent methods (Bottou, 2010) often struggle with

this issue, possibly ending up with a suboptimal solution. The situation worsens with

many flat regions in non-convex functions, where the function value is nearly constant.

The gradient in such flat regions is tiny, leading the algorithms stuck at sub-optimal

solutions. In this project, we implement the ADAM algorithm (Kingma and Ba,

2014), a first-order gradient-based method that employs adaptive estimates of lower-

order moments, to optimize our objective function. ADAM is an appealing choice

due to its computational efficiency, minimal memory requirements, and suitability

for handling large datasets or parameters. Its applicability to large-scale non-convex

optimization enhances the optimization process of large DNN models.

4.6 Conclusions

This paper presents a novel method of Multi-branching Temporal Convolutional Net-

work with tensor completion (MB-TCN-TC) to investigate multi-variate longitudinal

clinical data for reliable DR identification. We first leverage the method of tensor

data completion to estimate the missing values in the incomplete EHR data. Second,

we adapt the multi-branching temporal neural network framework to further cope

with the imbalanced issue and model the longitudinal sequences. Experimental

results show that the proposed MB-TCN-TC model is effective to capture critical

temporal information and complicated variable interactions in the longitudinal EHR

data by accounting for both the imbalanced data and missing value issues. Our MB-

TCN-TC method yields superior performance when identifying DR from longitudinal
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EHR data with better AUROC and AUPRC metrics compared to existing methods.

More importantly, this MB-TCN-TC framework can be generally applicable to model

complex longitudinal sequences with imbalanced data and missing value issues for

reliable health monitoring and diagnostics.
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Chapter 5

MUSE-Net: Missingness-aware

mUlti-branching Self-attention

Encoder for Irregular Longitudinal

Electronic Health Records

The era of big data has made vast amounts of clinical data readily available,

particularly in the form of electronic health records (EHRs), which provides

unprecedented opportunities for developing data-driven diagnostic tools to enhance

clinical decision making. However, the application of EHRs in data-driven modeling

faces challenges such as irregularly spaced multi-variate time series, issues of

incompleteness, and data imbalance. Realizing the full data potential of EHRs hinges

on the development of advanced analytical models. In this paper, we propose a

novel Missingness-aware mUlti-branching Self-Attention Encoder (MUSE-Net) to

cope with the challenges in modeling longitudinal EHRs for data-driven disease

prediction. The MUSE-Net leverages a multi-task Gaussian process (MGP) with

GPU acceleration for data imputation, a multi-branching architecture to address the

data imbalance problem, and a time-aware self-attention encoder to account for the
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irregularly spaced time interval in longitudinal EHRs. We evaluate the proposed

MUSE-Net using both synthetic and real-world datasets. Experimental results show

that our MUSE-Net outperforms existing methods that are widely used to investigate

longitudinal signals.

Index Terms : Irregularly spaced time series, Multivariate longitudinal records,

Data imputation, Imbalanced dataset, Multi-task Gaussian process, Self-attention

encoder

5.1 Introduction

Rapid advancements in sensing and information technology have ushered us into

an era of data explosion where a large amount of data is now easily available and

accessible in the clinical environment (Yang and Yao, 2023; Yao et al., 2021; Yao

and Yang, 2020). The wealth of healthcare data offers new avenues for developing

automated data-driven methods for disease diagnosis. For instance, there have been

growing research interests in harnessing electronic health records (EHRs) to create

data-driven solutions for clinical decision support (Rajkomar et al., 2018; Wang et al.,

2024). EHRs serve as digital repositories of a patient’s medical information including

demographics, medications, vital signs, and lab results (Yadav et al., 2018; Shickel

et al., 2017; Yao et al., 2017), curated over time by healthcare providers, leading to a

longitudinal database. With rich information about a patient’s health trajectory,

longitudinal EHRs present unique opportunities to analyze and decipher clinical

events and patterns within large populations through data-driven machine learning.

However, data mining of longitudinal EHRs poses distinctive research challenges

due to the observational nature of EHRs. Unlike well-defined, randomized longitu-

dinal experiments in clinical trials that collect data on a fixed schedule and ensure

high data quality, EHRs are recorded only when patients receive care or doctors

provide services. The information collected and the timing of its collection are not

determined by researchers, resulting in EHR data that are often complex and highly
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heterogeneous (Xiao et al., 2018). Specifically, fully utilizing real-world EHRs for

reliable data-driven decision-making calls upon addressing several challenges:

(1) Irregularly spaced time series. EHR data are often documented during

irregular patient visits, leading to non-uniform time intervals between successive

measurements and a lack of synchronization across various medical variables or

among different patients. Traditional time series models face challenges when applied

to irregular longitudinal data because they typically assume a parametric form

of the temporal variables, making them difficult to effectively account for highly

heterogeneous and irregular time intervals across different variables. Additionally,

the widely used deep learning models such as convolution neural networks (CNNs)

and recurrent neural networks (RNNs) for mining sequential or time series data are

designed by assuming consecutive data points are collected at a uniform time interval.

Those deep learning models do not consider the elapsed time between records and

are less effective in modeling irregular longitudinal EHRs.

(2) Incomplete datasets and imbalanced class distributions. Real-world

EHRs suffer from the issues of missing values and imbalanced data. Due to the nature

of clinical practice, not all information is recorded for every patient visit, leading to

incomplete datasets. Additionally, EHR data often exhibit a significantly imbalanced

distribution, with certain health outcomes or characteristics being underrepresented

compared to more common ones. For instance, rare diseases or adverse drug reactions

(Schieppati et al., 2008; Wang et al., 2023b) may have very few instances compared

to more prevalent conditions. In the existing literature, a wide array of statistical

and machine learning techniques have been designed to tackle the missing value and

imbalanced data issues (Emmanuel et al., 2021; He and Garcia, 2009), which, however,

are less applicable in the context of modeling irregular longitudinal EHRs. The

presence of missing values and imbalanced class distributions will introduce further

difficulties in effective model training using longitudinal EHRs, leading to biased or

inaccurate predictions if not properly addressed.
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To address the multifaceted challenges presented by real-world longitudinal EHRs,

this paper introduces a novel framework of Missingness-aware mUlti-branching Self-

Attention Encoder (MUSE-Net) for data-driven disease prediction. First, multi-task

Gaussian processes (MGPs) are employed for missing value imputation in irregularly

sampled time series. Second, we propose to add missing value masks that record

the locations of missing observations as another input stream to our predictive

model, which enables the learning of correlations between non-missing and missing

values for mitigating the impact of possible imputation errors incurred from the

imputation procedure on the prediction performance. Third, we propose to integrate

a time-aware self-attention encoder with a multi-branching classifier to address the

imbalanced data issue and further classify the irregular longitudinal EHRs for disease

prediction. Finally, to improve the computational efficiency, the training of both

MGPs and MUSE-Net is accelerated by using GPU, ensuring efficient processing

of large and high-dimensional EHR data. We evaluate our proposed framework

using both simulation data and real-world EHRs. Experimental results show that

our proposed method significantly outperforms existing approaches that are widely

used in current practice.

5.2 Research Background

The integration of data-driven modeling methodologies and EHR data has trans-

formed the healthcare field, which provides unprecedented opportunities for clinical

decision support (Yadav et al., 2018; Landi et al., 2020; Rajpurkar et al., 2022).

Extensive research has been conducted to develop data-driven models for disease

identification using non-longitudinal EHRs that consist of static or cross-sectional

patient health information (Banda et al., 2018; Wang et al., 2022). For example,

Huang et al. (Huang et al., 2007) employed naive Bayes, decision tree, and

nearest neighbor algorithms incorporating feature selection methods to determine key

factors affecting type II diabetes control and further identify individuals who exhibit
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suboptimal diabetes control status. Hong et al. (Hong et al., 2019a) developed a

multi-class classification method to analyze clinical data in identifying patients with

obesity and various comorbidities using logistic regression, support vector machine,

and decision tree algorithms. A comprehensive review on machine learning of non-

longitudinal EHRs can be referred to (Xiao et al., 2018; Rajkomar et al., 2019).

However, those traditional methods are limited in capturing temporal patterns in

patient health status over time. This limitation can result in less accurate predictions

for conditions that are heavily dependent on longitudinal health trajectories (Banda

et al., 2018; Das et al., 2022). Moreover, traditional machine learning approaches often

require manual feature engineering, which is not only time-consuming and prone to

error but also demands significant domain expertise.

With the growing availability of longitudinal EHRs, increasing interests have

been devoted to developing advanced data-driven models to capture critical temporal

information for disease prediction. Owing to the outstanding performance and strong

capability in pattern recognition, deep learning has been widely explored to mine

complexly structured data leveraging the nonlinear interactions among neurons within

and across various hidden layers (Xie and Yao, 2022a; Xie et al., 2023; Xie and Yao,

2022c; Wang et al., 2023c). Advanced network architectures have been crafted for

modeling time series or sequential data. For example, recurrent neural networks

(RNNs) including long short-term memory (LSTM) are among the most commonly

used deep learning models to analyze medical time series for various clinical tasks

(Choi et al., 2017; Che et al., 2018; Chen et al., 2022). Additionally, temporal

convolutional networks (TCNs) have been recognized as a robust alternative to RNNs

for modeling longitudinal clinical signals (Wang et al., 2024; Wang and Yao, 2021).

The unique architecture of dilated and causal 1-D convolution and residual blocks

(Bai et al., 2018) allows TCNs to access a broader range of sequential information for

capturing long-term temporal dependencies, thereby outperforming RNNs in various

tasks involving mining temporal data (Wang et al., 2024; Wang and Yao, 2021;

Rosnati and Fortuin, 2021). However, most existing RNNs and TCNs are designed
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with the assumption that the longitudinal records are collected at a constant rate

and require the neighboring samples to appear at fixed distances to facilitate the

convolution or recurrent operations. This assumption is not valid in many real-world

databases, making traditional RNNs or TCNs less effective in modeling irregular-

spaced longitudinal EHRs.

To cope with the issue of irregular time intervals, many modified RNN ar-

chitectures have been developed. For example, the time-aware LSTM (TLSTM)

was designed to account for non-uniform sampling intervals through a time decay

mechanism (Baytas et al., 2017). Che et al. (Che et al., 2018) proposed a GRU-

D model for irregular sampled time series. It also integrates a decay mechanism

to model the impact of missing sampled values over time, allowing the network

to better capture temporal dependencies even when data points are irregular or

incomplete. A comprehensive review of modified RNN architectures for irregular

sampled time series can be found in (Sun et al., 2020; Weerakody et al., 2021).

However, those modified RNNs assume that the impact of historical risk factors on

disease prediction proportionally decays over time, which may not accurately describe

complex disease trajectories. Additionally, RNNs have been widely recognized as

computationally inefficient for modeling large-scale, long sequential data due to their

sequential processing nature.

The self-attention encoder, a cornerstone of the transformer architecture (Vaswani

et al., 2017), has revolutionized the field of natural language processing (NLP) with

its unique advantages. Unlike RNNs and TCNs that process data sequentially and

require uniform sampling intervals, the self-attention mechanism allows the model to

weigh the importance of different parts of the input sequences relative to each other.

This feature enables parallel processing and enhances the model’s ability to capture

long-range dependencies in irregularly spaced longitudinal signals.

Various approaches leverage the transformer/self-attention architecture to im-

prove prediction accuracy and robustness in time series analysis. For instance,

the Vision Transformer for Irregularly Sampled Time Series (ViTST) transforms
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time series data into images and applies vision transformers to capture temporal

dependencies effectively (Li et al., 2024). The Self-Supervised Transformer for

Sparse and Irregularly Sampled Multivariate Clinical Time-Series (STraTS) employs a

continuous value embedding technique to handle continuous time and variable values

without the need for imputation, thus preserving fine-grained information (Tipirneni

and Reddy, 2022). Another approach, the Deformable Neighborhood Attention

Transformer (DNA-T), introduces deformable attention mechanisms to capture local

and global dependencies in medical time series data (Huang et al., 2024). These

models demonstrate significant improvements over traditional methods, particularly

in handling the irregularities and sparsity inherent in many real-world datasets.

However, some drawbacks persist across these novel transformer-based archi-

tectures. The transformation of time series into images or triplets can lead to

information loss and may not capture all nuances of the data. Moreover, these

architectures often require substantial computational resources due to the complexity

of the models, making them less practical for large-scale or real-time applications. In

addition, despite the strengths of self-attention encoders/transformer architecture, it

is worth noting that most standard deep learning algorithms are designed under the

assumption that data is ideal, which cannot be directly applied to mine longitudinal

EHR databases with missing values and imbalanced class distributions. Little has

been done to design an effective framework to model real-world longitudinal EHRs

by accounting for the issues of missing values, imbalanced data distribution, and

irregular time intervals for robust decision-making.

5.3 Research Methodology

Suppose that there are N patients indexed by p ∈ {1, . . . , N} and we denote the

dataset as D = {(tp, Yp, lp)}Np=1. Each patient is associated with longitudinal data

described by the tuple (tp, Yp, lp): tp = [tp,1, tp,2, · · · , tp,Tp ] is the time index set for

patient p; Yp = [yp,1,yp,2, · · · ,yp,M ] ∈ RTp×M represents the values of M medical
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variables at tp; lp is the binary label with lp = 1 indicating patient p is positive

(e.g., with disease) and otherwise lp = 0. The length of the time series for each

patient is highly variable (i.e., Tp ̸= Tp′ , if p ̸= p
′

), and the times series are

often irregularly spaced (i.e., tp,i+1 − tp,i ̸= tp,j+1 − tp,j, if j ̸= i) in real-world

longitudinal EHR databases. Additionally, the EHR dataset is often incomplete,

and we denote the complete set of values of the M variables as yp = Vect(Yp) =

[yT
p,1,y

T
p,2, · · · ,yT

p,M ]T ∈ RTpM . Then, we define an index set that contains observed

values as Io = {(t,m)| if [Yp]t,m is observed} and the corresponding values are denoted

by yo
p ∈ ROp . Similarly, we define Iu = {(t,m)| if [Yp]t,m is missing} as the index

set of missing values, and the missing value vector is denoted by yu
p ∈ RUp , where

Up +Op = TpM . Fig. C.25 shows the flowchart of the proposed MUSE-Net to classify

irregularly spaced and incomplete longitudinal data. Each component in the flowchart

is described in detail in the following subsections.

5.3.1 Multi-task Gaussian Process (MGP) for Missing Value

Imputation

A Gaussian process (GP) is a flexible non-parametric Bayesian model where any

collection of random variables follows a joint Gaussian distribution Williams and

Rasmussen (2006); Xie and Yao (2023); Yao (2021), which have been widely used to

model complex time series data (Moor et al., 2019; Zhang et al., 2022). GP-based

temporal models provide a way to determine the distribution of a variable at any

arbitrary point in time, making them intrinsically capable of dealing with missing

value imputations that involve irregularly spaced longitudinal data. Note that single-

task GPs are limited in their ability to model correlations across multiple related

tasks (i.e., different medical variables), making them less effective for modeling multi-

variate EHR data. To account for the multi-variate nature, we adopt a multi-task

GP (MGP) (Bonilla et al., 2007), which is an extension to single-task GPs, to capture
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both variable interactions and temporal correlations for imputing missing values in

irregular multi-variate longitudinal EHRs.

We denote fpm(t) as a latent function representing the true values of variable m

for patient p at time t, and a patient-independent MGP prior is placed over the latent

function fpm(t) with a zero mean and the covariance function as:

cov(fpm(t), fpm′ (t
′
)) = KM(m,m

′
)Kt(t, t

′
)

ypm(t) ∼ N (fpm(t), σ2
m) (5.1)

where ypm(t) is the observed value of variable m for patient p at time t, σ2
m is the noise

term for the mth task (variable), KM(m,m
′
) captures the similarities between tasks,

and Kt(t, t
′
) is a temporal correlation function. Note that a fundamental property

of time series data is that observations at neighboring points tend to be similar.

As such, we use the squared exponential kernel function Kt(t, t
′
) = exp(− (t−t

′
)2

2θ2
)

with a lengthscale parameter θ. Hence, the prior distribution for the fully observed

multivariate longitudinal records, yo
p, can be represented by:

yo
p ∼ N (0,Σo

p), Σo
p = KM ⊙KOp + E (5.2)

We formulate the kernel function Σo
p for the observed records as the combination

of the Hadamard product (i.e., element-wise multiplication) of KM and KOp , and a

noise term E: KM is a Op×Op positive semi-definite covariance matrix over medical

variables, which is parameterized by a low-rank matrix B as LBBTLT where B ∈

RM×q, and L ∈ ROp×M is an indicator matrix with Lim = 1 if the ith observation

belongs to taskm and
∑M

m=1 Lim = 1; KOp is aOp×Op squared exponential correlation

matrix over time with elements defined as KOp((m, t), (m′, t′)) = Kt(t, t
′
) if (m, t) ∈ Io

and (m′, t′) ∈ Io; E is a noise matrix with Lσ2 on its main diagonal (σ2 ∈ RM and

[σ2]m = σ2
m ).
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In the inference step, we impute the missing value for patient p using the posterior

mean, µyu
p
:

µyu
p

= (KM∗M ⊙KUpOp)(Σo
p)

−1yo
p (5.3)

where KM∗M = L∗BB
TLT ∈ RUp×Op is the task covariance matrix for missing values,

and L∗ ∈ RUp×M , L∗,im = 1 if the ith missing value belongs to task m; KUpOp represents

the correlation matrix between the time points of the observed and missing values.

The hyperparameters in the MGP model include the lower triangular matrix B, error

term Diag(E), and the lengthscale θ in KOp : Θ = {Vect(B),Diag(E), θ}, which are

learned by minimizing the negative log marginal likelihood given by (with derivative)

L(Θ) = log |Σo
p|+ (yo

p)
T (Σo

p)
−1yo

p +
Op

2
log(2π)

dL
dΘ

= (yo
p)

T (Σo
p)

−1
dΣo

p

dΘ
(Σo

p)
−1yo

p + Tr

(
(Σo

p)
−1
dΣo

p

dΘ

)
(5.4)

Finally, the missing values in Yp are estimated as ŷu
p = µyu

p
, which are combined

with the observed values yo
p to form an imputed dataset D̂ = {(tp, Ŷp, lp)}Np=1 =

{((top,Vect−1(yo
p)), (t

u
p ,Vect−1(ŷu

p)), lp)}Np=1, where Vect−1(·) is the inverse operation

of Vect(·).

In addition, to accelerate MGP Imputation, we adopt the blackbox matrix-

matrix multiplication framework (Gardner et al., 2018) to integrate the modified

preconditioned conjugate gradient (mPCG) approach with GPU acceleration into the

data imputation workflow. Please refer to Appendix B for the detailed procedure for

GPU acceleration of MGP imputation.
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5.3.2 Missingness-aware Multi-branching Self-Attention En-

coder (MUSE-Net)

We further propose a novel missingness-aware multi-branching self-attention encoder

network (MUSE-Net) to process the imputed longitudinal EHRs. This model is

designed to not only effectively capture crucial temporal correlations in multi-variate

irregular longitudinal data but also recognize missingness patterns and account for

the imbalanced data issue for enhanced classification performance. As shown in Fig.

C.25(b) and (c), this model consists of 3 key modules: time-aware self-attention

encoder, missing value masks, and multi-branching outputs.

Time-aware Self-attention Encoder

We propose to adapt the traditional self-attention encoder (Vaswani et al., 2017) to

incorporate the information of elapsed time between consecutive records in irregular

longitudinal EHRs. Specifically, there are three building blocks in our time-aware

self-attention encoder:

Elapsed time-based positional encoding: The time order of the input

longitudinal sequence plays a crucial role in time series analysis. However, this

information is often ignored in traditional attention-based encoders because it does

not incorporate any recurrent or convolution operations. To address this issue,

an elapsed time-based positional encoding is added into the input sequence at the

beginning of the self-attention encoder as shown in Fig. C.25(b), such that the

temporal information regarding the irregularly sampled EHRs is incorporated into

the model. In our study, we employ the following sinusoidal encoding:

PEtp,i,2m = sin(tp,i/100002m/M) PEtp,i,2m+1 = cos(tp,i/100002m/M) (5.5)

where tp,i is the time position of each observation to account for the irregularly

spaced time interval, and 2m and 2m + 1 represent the (2m)-th and (2m + 1)-th
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variable dimensions, respectively. The sinusoid prevents positional encodings from

becoming too large, introducing extra difficulties in network optimization. The

embedded elapsed time-based positional features will then be combined with the

imputed longitudinal sequence to generate the input of the self-attention module:

Xp = PEp + Ŷp, where PEp ∈ RTp×M is a matrix with elements defined in Eq. (5.5).

Self-attention module: The self-attention module is the fundamental mecha-

nism that allows the network to learn dependencies in the longitudinal data. It maps

a query set and a set of key-value pairs to an output. In a typical single-head self-

attention, the key, query, and value matrices, denoted as K ∈ RTp×M , Q ∈ RTp×M ,

and V ∈ RTp×M , are computed by taking the input Xp:

K = FK(Xp), Q = FQ(Xp), V = FV (Xp) (5.6)

where FK(·), FQ(·), and FV (·) represent the network operations to calculate the

key, query, and value matrices respectively, which are often selected as linear

transformations. The corresponding output, OutputS ∈ RTp×M , is computed by

applying the scaled-dot production attention:

OutputS = softmax(
QKT

√
M

)× V (5.7)

where softmax(x)i = exi∑
j e

xj outputs the weight assigned to each element in V .

Note that the dot product in the softmax function is scaled down by
√
M . This

is essential to prevent the dot product values from growing too large, especially when

the dimensionality of Ŷp or Xp is large, introducing instabilities in the training process.

The self-attention mechanism enables the network to access all the information of the

input with the flexibility of focusing on certain important elements over the entire

sequence, unlike the RNNs or CNNs which focus more on the neighboring elements.

The multi-head attention module is an extension of single-head self-attention to

capture different relations among multivariate time series, which is adopted in our
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study to model complex longitudinal EHRs. Specifically, we define multiple matrices

for the keys, queries, and values by applying multiple network operations, F l
K(·)’s,

F l
Q(·)’s, and F l

V (·)’s, to the input:

Kl = F l
K(Xp) ∈ RTp×M

h , Ql = F l
Q(Xp) ∈ RTp×M

h , Vl = F l
V (Xp) ∈ RTp×M

h (5.8)

where h is the number of attention heads and l ∈ {1, . . . , h}. The output of each

attention head, Outputl ∈ RTp×M
h , is calculated by:

Outputl = softmax(
QlK

T
l√

M/h
)× Vl (5.9)

The final output of the multi-head attention, OutputM ∈ RTp×M , is the multiplication

of the concatenation of the outputs of all heads and a weight matrix, WO ∈ RM×M :

OutputM = [Output1,Output2, · · · ,Outputh]WO (5.10)

This multi-head attention module enables the network to jointly attend to information

from different subspaces of multivariate time series at different time points. Simple

visualization of the computing procedure of multi-head attention can be found in Fig.

C.24.

Feed-forward network: To stabilize the training process, OutputM will pass

through a layer normalization operation Ba et al. (2016), and the normalized output

will be combined with the original input using skip-connection (He et al., 2016) to

generate the output of the “Add & Norm” block (see Fig. C.25(b)):

OutputAN = LayerNorm(OutputM) +Xp (5.11)

OutputAN will serve as the input of a feed-forward network with GELU Hendrycks

and Gimpel (2016) activation and additional “Add & Norm” blocks to further induce

nonlinearity degree into the self-attention encoder. The multi-head attention and
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feed-forward modules will be repeated multiple times to improve the generalizability

of the model for capturing more informative features of the input sequence.

Missing Value Masks

To further account for potential discrepancies between imputed values and actual

observations, the missing value masks (see Fig. C.25(a)) are incorporated as an

additional input to the proposed model. We define the missing value masks for patient

p as X̃p with [X̃p]t,m = 1 if [Yp]t,m is missing; otherwise [X̃p]t,m = 0. The masks will

be processed by an independent time-aware self-attention encoder in parallel with the

imputed sequences as shown in Fig. C.25(b). This missingness-aware design enables

the network to capture the relationship between non-missing and missing values.

As a result, the network is capable of mitigating the effect of potential imputation

errors during the MGP imputation process, thereby enhancing the overall predictive

performance of the model.

Multi-branching Outputs

The self-attention encoder serves as a powerful feature extractor from irregular

longitudinal EHRs for downstream tasks, such as binary classification. The classifier

network, typically with a fully connected layer, is added after the feature extractor to

interpret the abstracted features and make a final classification of the original input.

The imbalanced data issue, a common problem in healthcare databases, incurs a more

pronounced and direct negative impact on the classifier than on the feature extractor

network. This is due to the fact that the classifier network directly interacts with

the labels and is heavily influenced by the majority class during the training process

Zhou et al. (2020). This leads to a bias towards the majority class, visibly affecting

the model’s performance. As such, careful design of the classifier network is needed

to cope with the imbalanced data issue.

105



We propose to incorporate the Multi-branching (MB) architecture (Wang and

Yao, 2021) (see Fig.C.25 (c)) into the classifier network to tackle the imbalanced

issue. Specifically, in the training phase, the self-attention encoder will be trained

with the whole dataset, and each of the MB outputs in the classifier network will be

trained with a balanced sub-dataset to mitigate the negative influence of imbalanced

data. The original imputed dataset D̂ consists of the majority class D̂M , and the

minority class D̂N . We create Nb balanced sub-datasets by under-sampling D̂M to

form Di = {D̂N , D̂i
M}, where the D̂M = D̂1

M ∪ D̂2
M ∪ · · · ∪ D̂

Nb
M . This under-sampling

operation is also applied to the missing value masks. Correspondingly, Nb output

branches are created, each aligned with one of the balanced sub-datasets. Thus,

each balanced sub-dataset serves as the training data for the respective branch in

the output layer, and the self-attention encoder will be optimized by using all the

Nb balanced subsets. In the end, the MB output layer will produce Nb predicted

probabilities. The optimization process is guided by minimizing the cross-entropy

loss function:

L(ω; D̂) = −
N∑

p=1

Nb∑
i=1

I(p ∈ Di)
(
lp log(P̂

(i)(Ŷp, X̃p;ω)) + (1− lp) log(1− P̂ (i)(Ŷp, X̃p;ω))
)

(5.12)

where ω denotes the network parameters from both the self-attention encoder and the

MB classifier; I(·) is an indicator function; P̂ (i)(Ŷp, X̃p;ω) is the predicted probability

by output branch i given the input data Ŷp and corresponding missing value mask

X̃p. The final predicted probability for patient p is computed as the average of the

Nb predicted probabilities: P̂MB(Ŷp, X̃p;ω) =
∑Nb

i=1 P̂
(i)(Ŷp, X̃p;ω)/Nb, which is a

more robust estimator compared to the single-branch (SB) counterpart as stated in

Theorem I.
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Theorem I: If both MB and SB classifiers are sufficiently trained with the following

assumptions:

¯̂
P (i)(Yp) =

¯̂
PSB(Yp), (i ∈ {1, . . . , Nb})

Eω[DKL(
¯̂
P (i)(Yp)||P̂ (i)(Yp;ω))] = Eω[DKL(

¯̂
PSB(Yp)||P̂SB(Yp;ω))], (5.13)

where P̂SB(Yp;ω) is the predicted distribution by the SB classifier for input Yp, DKL(·)

is the Kullback–Leibler divergence,
¯̂
PSB(Yp) = arg minP∗ Eω[DKL(P∗(Yp)||P̂SB(Yp;ω))],

and
¯̂
P (i)(Yp) = arg minP∗ Eω[DKL(P∗(Yp)||P̂ (i)(Yp;ω))], then the variance of the MB

classifier is no larger than the variance of the SB classifier, i.e., VMB ≤ VSB, where

VMB = EYp∼Pdata,w[DKL(
¯̂
PMB(Yp)||P̂MB(Yp;w))] (5.14)

VSB = EYp∼Pdata,w[DKL(
¯̂
PSB(Yp)||P̂SB(Yp;w))] (5.15)

Here, Pdata denotes the true data distribution and

¯̂
PMB(Yp) = arg min

P∗
Eω[DKL(P∗(Yp)||P̂MB(Yp;ω))] (5.16)

Theorem I shows that the MB classifier is more robust than the SB classifier (see

Appendix B for the theoretical proof).

5.4 Experimental Design and Results

Fig. C.26 shows our experimental design to evaluate the performance of the proposed

MUSE-Net. We implement our MUSE-Net to investigate both a synthetic and real-

world dataset for performance evaluation. The MUSE-Net is benchmarked with three

popular model structures widely used in sequential modeling: LSTM (Hochreiter and

Schmidhuber, 1997), gated recurrent unit (GRU) (Chung et al., 2014), and TCN

(Bai et al., 2018). Additionally, we evaluate the prediction performance provided by

different imputation methods, i.e., the proposed MGP+mask, MGP, single Gaussian
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process (GP), GP+mask, the baseline mean imputation, and Mean+mask. We also

evaluate the impact of number of branches on the final prediction performance.

The dataset in both synthetic and real-world case studies is split into training

(80%), validation (10%), and testing (10%) sets to facilitate a comprehensive training

and evaluation process. The model performance is evaluated based on two key

metrics: area under the receiver operating characteristic curve (AUROC) and area

under the precision-recall curve (AUPRC). AUROC serves as a measure of the

model’s ability to discriminate between classes, with a value of 1.0 indicating perfect

classification and 0.5 denoting no discriminative power. AUPRC is especially valuable

for assessing performance in classifying imbalanced datasets, reflecting the balance

between precision and recall across various thresholds.

5.4.1 Experimental Results in Synthetic Case Study

Algorithm 1 shows the process to generate synthetic data from the autoregressive

moving average (ARMA) model (Adhikari and Agrawal, 2013). Specifically, we first

generate three baseline time series variables by ARMA(pm,qm) models with moving

average of order qm and autoregressive of order pm: vm,t = ϕm,1vm,t−1 + · · · +

ϕm,pmvm,t−pm + ψm,1ϵm,t−1 + · · · + ψm,qmϵm,t−qm + ϵm,t, where {ϵm,t} are uncorrelated

random variables for variable m; Ωm = {ϕm,1, · · · , ϕm,pm , ψm,1, · · · , ψm,qm} is the set

of coefficients for variable m. We initialize Ωm randomly from a standard normal

distribution and randomly select pm,qm from set {1, 2, 3}. We generate the remaining

seven variables through feature engineering applied to the three baseline time series,

ensuring correlations exist among the variables and differences exist between different

classes. Detailed information on the feature engineering process and the simulation

parameters is available in the appendix. The generated synthetic dataset is a 3-D

tensor containing 5,000 samples with 90% from the majority class. Each sample

has 10 variables measured across 50 time steps with irregular intervals. Notably,

108



Algorithm 3: Synthetic Data Generation Process
Require: Number of time steps: n obs = 200; Number of observations sampled

from each time series: sub time = 50; Number of variables:
n variables = 10; Number of samples to generate: n samples = 5000;
Percentage of the majority samples: percent negative = 90%

1 Initialize Ωm for ARMA(pm,qm), m ∈ {1, 2, 3}, and apply feature engineering to
generate remaining ARMA(pm,qm) m ∈ {4, 5, · · · , 2× n variables} ;

2 Generate a label list, labels list, including n samples binary labels (0 or 1) based
on percent negative ;

3 Generate empty 3-D tensor, all samples, to store the generated data ;
4 for j ← 1 to n samples do
5 Initialize an empty temporal list: variables← [ ] ;
6 for m← 1 to n variables do
7 if label list[j] is 0 (negative instance) then
8 Generate n variables time series data using ARMA(pm, qm) ;
9 else

10 Generate n variables time series data using
ARMA(pm+n variables, qm+n variables) ;

11 Add generated time series to variables ;

12 Combine variables into a matrix with n variables columns and add it to
all samples ;

13 Initialize an empty tensor: final dataset ;
14 for i← 1 to n samples do
15 subtime indices← Maintain the temporal order and randomly select sub time

unique time steps ;
16 sub ts i← all samples[i, subtime indices, :] ;
17 Add generated sub ts i to final dataset ;

18 return final dataset

each variable is characterized by a distinct rate of missing values, varying randomly

between 30% and 60%, mimicking real-world data complexities.

Fig. C.27 shows the AUROC and AUPRC scores over training epochs for the

MUSE-Net-9 (i.e., with 9 branching outputs) utilizing different imputation methods

with missing value masks on the validation set of our simulated data. The ‘complete’

represents the scenario where MUSE-Net is trained on synthetic data without any

missing values. The MUSE-Net-9+MGP method exhibits superior performance in
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both AUROC/AUPRC metrics and convergence speed. In contrast, the MUSE-

Net-9+GP and MUSE-Net-9+mean methods display delayed convergence and lower

scores, especially in the AUPRC metric.

Fig. C.28 displays the AUROC and AUPRC scores across training epochs

for MUSE-Net+MGP with different numbers of MB outputs on the simulated

validation set. It is evident that within 8 epochs, all the MUSE-Nets achieve optimal

performance, reaching near-perfect AUROC and AUPRC scores. This exceptional

performance is partly due to the simplistic nature of the synthetic dataset and the

high efficacy of MGP imputation and effective feature extraction achieved by the

MUSE-Net. However, we observe variations in the convergence speed among different

MB numbers. Specifically, as we increase the MB outputs from 1 to 9, the speed of

convergence improves. This enhancement can be attributed to the improved balance

in the training sub-dataset for each branching output. With only one output, the

imbalanced ratio is as skewed as 9:1, presenting a significant challenge for the model

to learn from the minority class. As the number of MB outputs increases to 9, the

ratio between the positive and negative classes is approximately 1:1, providing a more

balanced learning environment for each branch. As such, the network model can learn

more effectively from both classes, leading to faster convergence.

The impact of imbalanced data is more significant when modeling datasets with

poor quality. Fig. C.29 shows the AUROC and AUPRC scores across epochs for

MUSE-Net with mean imputation and different numbers of MB outputs on the

synthetic validation set. The mean imputation is known for introducing a high

bias due to its simplistic assumption, resulting in a less reliable imputed dataset.

According to Fig. C.29, the MUSE-Net-9 converges within 6 epochs and achieves

a good AUROC/AUPRC score, which indicates that our MB architecture together

with the missing value masks effectively mitigates the negative impact of imbalanced

datasets, even when the imputed training data is with low quality. In contrast, the

MUSE-Net does not converge in 12 epochs if the MB architecture is not incorporated
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(i.e., MB 1) and the final AUROC/AUPRC scores decrease to 0.921/0.773 from

0.988/0.895.

5.4.2 Experimental Results in Real-world Case Study

We further conduct a real-world case study using the Diabetic Retinopathy (DR)

dataset, obtained from the 2018 Cerner Health Facts data warehouse Wang et al.

(2024); Chen et al. (2022), to evaluate our MUSE-Net. The medical variables selected

for this study include 21 routine blood tests, 5 comorbidity indicators, 3 demographic

variables, and the duration of diabetes. More details on variable selection can be

referred to Chen et al. (2022); Wang et al. (2021). Notably, the 21 blood tests are

all subject to missing values, and the final dataset consists of records from 23,245

diabetic patients, with a minority of 8.9% diagnosed with DR. We use label “1” and

“0” to indicate that a patient diagnosed with and without DR, respectively.

Fig. C.30 shows the performance of our MUSE-Net compared to other benchmark

models on the DR validation set. Note that to ensure a fair comparison, all models are

designed to have similar sizes, with the number of model parameters approximately

4,300, as shown in Table D.22. Furthermore, all models utilize the MGP imputation

with missing value masks, 10 MB outputs, and Adam with decoupled weight decay

optimizer Loshchilov and Hutter (2017). According to Fig. C.30, our MUSE-

Net consistently outperforms other benchmarks, achieving the highest AUROC and

AUPRC scores on the validation set. This trend is also evident in the results for the

test set summarized in Table D.23, where MUSE-Net maintains the AUROC score

of 0.949 and the AUPRC score of 0.883, which dominates those yielded by TCN,

LSTM, and GRU models. Specifically, the MUSE-Net has an improvement over

TCN by 2.3% in AUROC and 5.3% in AUPRC, and an improvement over LSTM

by 3.3% in AUROC and 7.1% in AUPRC, and an improvement over GRU 1.9% in

AUROC and 4.6% in AUPRC. This performance demonstrates that MUSE-Net is

more effective at capturing the critical patterns inherent in irregular longitudinal DR
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data. The higher AUROC and AUPRC scores reflect the superior performance of our

MUSE-Net in terms of both discrimination and precision-recall balance, which are

critical for clinical decision making.

Table D.24 presents the performance comparison in AUROC and AUPRC between

our MUSE-Net-10 with MGP imputation and other imputation methods on the DR

test set. It is worth noting that the MUSE-Net-10 with MGP+masks outperforms

other methods, yielding an AUROC of 0.949 and an AUPRC of 0.883, which

represents an improvement over GP+masks by 1.2% in AUROC and 6.1% in AUPRC,

and an improvement over mean+masks by 3.5% in AUROC and 7.8% in AUPRC.

Moreover, consistent performance improvement is achieved across all imputation

methods when missing value masks are applied. Specifically, MGP+masks achieves

an improvement over the non-mask MGP by 4.3% in AUROC and 8.5% in AUPRC.

Similarly, employing masks with the GP imputation yields a 3.2% and 4.3% boost

in AUROC and AUPRC respectively; the application of masks in mean imputation

contributes to a 1.8% and 6.4% improvement in AUROC and AUPRC, respectively.

The results show that the missing value masks enable the model to effectively account

for the missingness patterns and mitigate potential discrepancies between imputed

values and actual observations that may arise during the imputation process.

Table D.25 shows the AUROC and AUPRC scores for MUSE-Net with MGP

imputation across various numbers of MB outputs in the DR test set. MB 1

corresponds to a model with a single output handling the original dataset with

an imbalance ratio of approximately 1:10, and MB 10 represents a model with

10 outputs, each of which is trained with one of the 10 balanced sub-datasets

with a ratio of approximately 1:1. This table suggests an overall increasing trend

in both AUROC and AUPRC when the number of MB outputs increases. The

highest AUROC/AUPRC scores of 0.949/0.883 are achieved with 10 MB outputs,

demonstrating the enhanced predictive capability of our MUSE-Net in a balanced

training environment. The performance gradually declines with a decrease in the

number of MB outputs, reaching its lowest AUROC and AUPRC of 0.935 and 0.860
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at MB 1. Specifically, the MUSE-Net with MB 10 achieves an improvement over the

MUSE-Net with MB 1 by 1.5% in AUROC and 2.7% in AUPRC.

5.5 Conclusions

In this paper, we introduce a novel framework: Missingness-aware mUlti-branching

Self-Attention Encoder (MUSE-Net) to model irregular longitudinal EHRs with

missingness and imbalanced data issues. First, multi-task Gaussian processes (MGPs)

are leveraged for missing value imputation in irregularly sampled longitudinal signals.

Second, we propose a time-aware self-attention encoder augmented with a missing

value mask and multi-branching architectures to classify irregular longitudinal EHRs.

Finally, the training of both MGPs and MUSE-Net is accelerated by using GPU

to improve the computation efficiency in processing large and high-dimensional

longitudinal EHRs. We evaluate our proposed framework using both simulation data

and real-world EHRs. Experimental results show that our MUSE-Net significantly

outperforms existing approaches that are widely used to investigate longitudinal

signals in current practice. More importantly, this framework can be broadly

applicable to model complex longitudinal data with issues of multivariate irregularly

spaced time series, incompleteness, and imbalanced class distributions.
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Chapter 6

Conclusions

This dissertation has explored advanced machine learning techniques to address the

challenges posed by the complex and heterogeneous nature of Electronic Health

Records (EHRs) for disease prediction. The research has demonstrated significant

advancements in developing robust and reliable algorithms to improve the accuracy

and efficiency of disease diagnosis and prediction.

The key contributions of this dissertation are as follows:

• Multi-branching Temporal Convolutional Network for Sepsis Predic-

tion: In Chapter 2, we propose a novel predictive framework with Multi-

Branching Temporal Convolutional Network (MB-TCN) to model the complexly

structured medical data for robust prediction of sepsis. The MB-TCN

framework not only efficiently handles the missing value and imbalanced data

issues but also effectively captures the temporal pattern and heterogeneous

variable interactions. We evaluate the performance of the proposed MB-TCN

in predicting sepsis using real-world medical data from PhysioNet/Computing

in Cardiology Challenge 2019. Experimental results show that MB-TCN

outperforms existing methods that are commonly used in current practice.

• Hierarchical Deep Learning with GAN for Cardiac Diagnosis: In

Chapter 3, we propose a two-level hierarchical deep learning framework with
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Generative Adversarial Network (GAN) for automatic diagnosis of ECG signals.

The first-level model is composed of a Memory-Augmented Deep AutoEncoder

with GAN (MadeGAN), which aims to differentiate abnormal signals from

normal ECGs for anomaly detection. The second-level learning aims at

robust multi-class classification for different arrhythmias identification, which

is achieved by integrating the transfer learning technique to transfer knowledge

from the first-level learning with the multi-branching architecture to handle

the data-lacking and imbalanced data issue. We evaluate the performance

of the proposed framework using real-world medical data from the MIT-BIH

arrhythmia database. Experimental results show that our proposed model

outperforms existing methods that are commonly used in current practice.

• Tensor Data Completion for Diabetic Retinopathy Prediction: In

Chapter 4, we propose a Multi-branching Temporal Convolutional Network

with Tensor Data Completion (MB-TCN-TC) model to analyze the longitudinal

EHRs collected from diabetic patients for DR prediction. Experimental results

demonstrate that the proposed MB-TCN-TC model not only effectively copes

with the imbalanced data and missing value issues commonly seen in EHR

datasets but also captures the temporal correlation and complicated interactions

among medical variables in the longitudinal clinical records, yielding superior

prediction performance compared to existing methods. Specifically, our MB-

TCN-TC model provides AUROC and AUPRC scores of 0.949 and 0.793

respectively, achieving an improvement of 6.27% on AUROC, 11.85% on

AUPRC, and 19.3% on F1 score compared with the traditional TCN model.

• MUSE-Net for Irregular Longitudinal EHRs: In Chapter 5, we propose

a novel Missingness-aware mUlti-branching Self-Attention Encoder (MUSE-

Net) to cope with the challenges in modeling longitudinal EHRs for data-

driven disease prediction. The MUSE-Net leverages a multi-task Gaussian

process (MGP) with GPU acceleration for data imputation, a multi-branching
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architecture to address the data imbalance problem, and a time-aware self-

attention encoder to account for the irregularly spaced time interval in

longitudinal EHRs. We evaluate the proposed MUSE-Net using both synthetic

and real-world datasets. Experimental results show that our MUSE-Net

outperforms existing methods that are widely used to investigate longitudinal

signals.

Building on my past research endeavors outlined above, my upcoming research

intentions encompass:

• Multi-modal machine learning in complex healthcare systems: Modern

healthcare systems are deeply rooted in the integration of information from

multi-modalities. For example, EHRs are representative examples of multi-

modal data, encompassing not only structured laboratory findings or vital signs,

but also imaging data (e.g., X-rays and CT scans), waveform data (e.g., ECG

and EEG), unstructured narrative records (e.g., clinical notes and pathology

reports). Each modality offers a unique perspective on a patient’s health and

fusing them to create an informative state will improve the predictive power

of machine learning models. However, the growing volume and variety of data

types present significant challenges (e.g., incomplete multi-modality and data

heterogeneity) for data-driven decision-making. My research objective is to

delve into multi-modal machine learning techniques to effectively integrate data

from multiple sources, offering a unified view of patient health. Specifically, this

research aims to 1) expand upon my prior work to design advanced DNNs for

medical images and textual data to cope with the challenges in vision language

understanding and generation; 2) develop cutting-edge models to integrate

information from multi-modalities (e.g., images, textual, waveform signals)

for robust multi-task learning. Upon successful completion, this research

will yield 1) comprehensive understanding of patient’s health condition; 2)
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reduced clinical workload, freeing professionals for patient-centered tasks; and

3) improved diagnostic precision.

• Advanced deep learning methods for modeling and monitoring

complex spatiotemporal systems: Distributed sensing offers a unique

opportunity to observe the space-time dynamics of nonlinear complex sys-

tems, enhancing spatiotemporal data analysis and informed decision-making.

Complex spatiotemporal systems typically feature intricate 3D geometries, and

spatial- and temporal-varying properties. Traditional machine learning methods

require considerable amounts of training data to model such complex systems,

and they often fail to offer insights into the underlying mechanisms of system

states. My research objective is to develop temporal graph neural network

(GNN) leveraging the physics-based principles for modeling spatiotemporal

dynamic systems. Specifically, this research aims to 1) extend my preceding

contributions to develop a GNN-based models to analyze multi-channel ECGs,

i.e., 3D spatiotemporal measurements, for automatic cardiac diagnosis; 2)

incorporate physics-based principles of the cardiac electric wave propagation

to improve the model robustness and interpretability; 3) investigate the GNN-

based model with physics constraints in other 3D spatiotemporal systems

such as additive manufacturing systems. This research aims to introduce

advanced predictive models that will deepen our understanding of intricate 3D

spatiotemporal systems across healthcare and advanced manufacturing sectors.

• Fairness-aware artificial intelligence for healthcare systems: As ar-

tificial intelligence (AI) research becomes increasingly prevalent within the

healthcare field, ensuring fairness has become a paramount consideration to

improve the usability of AI-tools for automated decision making. Disparities

in health outcomes have long persisted across various patient demographics,

with numerous underlying causes such as socio-economic conditions, genetic

factors, and historical biases. When integrating AI systems into healthcare,
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there is a risk of amplifying the disparities if the algorithms inherit or exacerbate

biases from the training data. Moreover, due to the black-box property of

most advanced AI systems, biases may also arise during interactions between

the AI and clinicians, as well as the AI and patients. My research objective

is to develop novel fairness-aware, interpretable machine learning algorithms

for healthcare applications. Specifically, this research aims to 1) propose

novel fairness metrics that are sensitive to the nuances of healthcare data; 2)

extend my preceding contributions to develop interpretable-AI tools, providing

transparency in decision-making processes and reducing biases in the interaction

between AI & clinicians as well as AI & patients; 3) combine domain knowledge

with machine learning and data mining techniques to develop fairness framework

that not only detect and mitigate biases in existing datasets, but also monitor

trained models in real-world scenarios to ensure they do not introduce biases

when new data added over time. This research aims to ensure that the benefits

of machine learning are equitably shared across all patient groups, contributing

to more equitable health outcomes and improved trust in AI-powered medical

decisions.
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Appendix A

Supplement Materials of Chapter 2

A.1 Dynamic time wrapping (DTW)-based Hier-

archical Clustering (DTW-HC)

We propose a new sampling method of dynamic time wrapping (DTW)-based

Hierarchical Clustering (DTW-HC) to generate the balanced dataset, which is

expected to increase the diversity of the majority-class samples in each sub-dataset.

The sampling procedure is illustrated as follows:

(1) We first calculate the pairwise DTW distance among the majority-class

samples (i.e. non-sepsis class) to be used for clustering. Note that Euclidean distance

cannot be used as the similarity measure here because data are time series with

different lengths, while DTW has been proved to be effective to quantify the similarity

of time series with variable length.

(2) Second, we employ the hierarchical clustering method based on the DTW

distance matrix to divide the non-sepsis samples into K different clusters. The

samples within the same cluster are more similar to each other, while the samples

from different clusters are more different from each other.

(3) Third, in order to increase the sample diversity in each balanced dataset, we

select N+/K samples (where N+ denotes the sample size of the sepsis class) from
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each of the K clusters to be combined with the sepsis samples and form a balanced

dataset. This repeats for each branching output, generating Nb balanced datasets.
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Appendix B

Supplement Materials of Chapter 5

B.1 Parameter Specifications in Synthetic Data

Generation

Tables B.1 and B.2 provide the detail information of parameter specification in ARMA

models and the feature engineering process.

Table B.1: Parameter specifications of the three baseline ARMA models

pm, qm Ωm

ARMA1, m = 1 (2, 2) {-0.75, 0.25, 0.65, 0.35}
ARMA2, m = 2 (1, 1) {-0.8, 0.5}
ARMA3, m = 3 (3, 3) {-0.65, 0.45, -0.2, 0.70, 0.45, 0.25}

B.2 Robust Classifier from Multi-branching Net-

work Models

This appendix shows the proof of Theorem I, which is based on Lemma I and Theorem

II.
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Table B.2: Feature engineering process to generate time series for each variable

Neg. samples (label = 0) Pos. samples (label = 1)

m = 1 ARMA1 ARMA11 = ARMA1

m = 2 ARMA2 ARMA12 = ARMA2

m = 3 ARMA3 ARMA13 = ARMA3

m = 4 ARMA4 = 0.8×ARMA1 ARMA14 = 1.1×ARMA11

m = 5 ARMA5 = ARMA1 +ARMA2 ARMA15 = ARMA11 +ARMA12

m = 6 ARMA6 = ARMA3 +ARMA4 ARMA16 = ARMA13 +ARMA14

m = 7 ARMA7 = ARMA1 + ARMA2 +
ARMA3

ARMA7 = ARMA11 + ARMA12 +
ARMA13

m = 8 ARMA8 = ARMA1 × ARMA2 +
ARMA3 ×ARMA4

ARMA18 = ARMA11 × ARMA12 +
ARMA13 ×ARMA14

m = 9 ARMA9 = ARMA3 + ARMA4 +
ARMA1 ×ARMA2

ARMA19 = 1.1 × ARMA13 + 1.1 ×
ARMA14 +ARMA11 ×ARMA12

m = 10 ARMA10 = −ARMA5 +ARMA9 ARMA20 = −ARMA15 +ARMA19

Definition I (Bregman Divergence): If F : X → R is a convex differentiable

function, the Bregman Divergence based on F is a function DF : X × X → R+,

defined as

DF [x1||x2] ≡ F (x1)− F (x2)− ⟨∇F (x2), x1 − x2⟩, x1, x2 ∈ X (B.1)

Lemma I (Generalized bias-variance decomposition (Pfau, 2013)): Let F :

X → R be a convex differentiable function, g(Yp) is the true function, and f(Yp;ω)

is the prediction, where ω is the model parameter, the generalized bias-variance

decomposition based on the Bregman divergence DF is

EYp,ω[DF (g(Yp)||f(Yp;ω))] = EYp,ω[DF (g(Yp)||f̄(Yp))] + EYp,ω[DF (f̄(Yp)||f(Yp;ω))](B.2)

where f̄(Yp) = arg minz Eω[DF (z||f(Yp;ω))].
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Proof. (Lemma I) According to the definition of f̄(Yp), we first have the following

results:

0 = ∇zEω[DF (z||f(Yp;ω))]|z=f̄(Yp)

= ∇zEω[F (z)− F (f(Yp;ω))− ⟨∇F (f(Yp;ω)), z − f(Yp;ω)⟩]z=f̄(Yp)

= [∇F (z)−∇zEω[⟨∇F (f(Yp;ω)), z⟩]]z=f̄(Yp)

= [∇F (z)− Eω[∇F (f(Yp;ω))]]z=f̄(Yp)

⇒ ∇F (f̄(Yp)) = Eω[∇F (f(Yp;ω))] (B.3)

Then, the right-hand side of Eq. (B.2) can be rearranged as

EYp,ω[DF (g(Yp)||f̄(Yp))] + EYp,ω[DF (f̄(Yp)||f(Yp;ω))]

= EYp,ω[F (g(Yp))− F (f̄(Yp))− ⟨∇F (f̄(Yp)), g(Yp)− f̄(Yp)⟩] +

EYp,ω[F (f̄(Yp))− F (f(Yp;ω))− ⟨∇F (f(Yp;ω)), f̄(Yp)− f(Yp;ω)⟩]

= EYp,ω[F (g(Yp))− F (f(Yp;ω))

− ⟨∇F (f̄(Yp)), g(Yp)− f̄(Yp)⟩ − ⟨∇F (f(x;ω)), f̄(Yp)− f(Yp;ω)⟩]

= EYp,ω[F (g(Yp))− F (f(Yp;ω))− ⟨∇F (f(Yp;ω)), g(Yp)− f(Yp;ω)⟩]

= EYp,ω[DF (g(Yp)||f(Yp;ω))] (B.4)

The bias-variance decomposition for classification analysis with cross-entropy loss

is provided in Theorem II:

Theorem II (Bias-variance decomposition for classification tasks): We denote the

true class distribution for input Yp as P (Yp) and the predicted distribution given by

the classification model as P̂ (Yp,w), where w is the model parameter set. We assume

there are J classes in total. Then, according to the generalized decomposition for

Bregman divergence, the bias-variance decomposition for classification tasks is given

as
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EYp,ω[DKL(P (x)||P̂ (Yp,w))] = EYp,ω[DKL(P (Yp)|| ¯̂P (Yp))]

+ EYp,ω[DKL(
¯̂
P (Yp)||P̂ (Yp;ω))] (B.5)

where
¯̂
P (Yp) = argminP∗ Eω[DKL(P∗(Yp)||P̂ (Yp;ω))], andDKL(P ||P̂ ) =

∑J
j=1 pj log

pj
p̂j

is the Kullback-Leibler (KL) divergence. The first term in Eq. (B.5) characterizes

the squared bias, and the second term captures the variance of the classifier model.

Proof. (Theorem II) The first important note is that minimizing KL divergence is

equivalent to minimizing cross-entropy loss in classification tasks. The cross-entropy

loss is defined as

H(P ||P̂ ) = −
J∑

j=1

pj log p̂j = DKL(P ||P̂ )−
∑
j

(pj log pj) (B.6)

where
∑

j(pj log pj) is often considered as a constant. Hence, minimizing H(P ||P̂ ) is

equivalent to minimizing DKL(P ||P̂ ). Additionally, KL divergence is a special case

of the Bregman divergence. Specifically, if we define the function in Definition I as

F (P ) =
∑

i pi log pi, then

DF (P ||P̂ ) =
∑
i

(pi log pi)−
∑
i

(p̂i log p̂i)−
∑
i

⟨log p̂i + 1, pi − p̂i⟩

=
∑
i

(pi log pi)−
∑
i

(pi log p̂i) =
∑
i

pi log
pi
p̂i

= DKL(P ||P̂ ) (B.7)

As such, we can leverage Lemma I for the Bregman divergence to prove Theorem

II. Specifically, Theorem II follows by defining F (P ) =
∑

i pi log pi, and replacing

g(Yp) by the true distribution P (YP ) and replacing the prediction function f(Yp;ω)

by P̂ (Yp;ω).

Finally, the following shows the proof of Theorem I:
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Proof. (Theorem I) According to Theorem II, the variances of the SB and MB

classifiers are defined as (we omit subscripts Yp for notation convenience)

VSB = Eω[DKL(
¯̂
PSB||P̂SB(ω))], VMB = Eω[DKL(

¯̂
PMB||P̂MB(ω))] (B.8)

where P̂SB(ω) and P̂MB(ω) are the predicted distribution provided by the SB and

MB classifiers, respectively. In the MB model, the predicted probability for class j

is p̂MB,j(ω) = 1
Nb

∑Nb

i=1 p̂
(i)
j (ω), where p̂

(i)
j (ω) is the predicted probability for class j

by branching output i. Given the assumptions in Theorem I, i.e.,
¯̂
P (i) =

¯̂
PSB and

Eω[DKL(
¯̂
P (i)||P̂ (i)(ω))] = Eω[DKL(

¯̂
PSB||P̂SB(ω))] (i ∈ {1, . . . , Nb}) if all the branches

and the SB model are sufficiently trained, we have

VSB =
1

Nb

Nb∑
i=1

Eω[DKL(
¯̂
PSB||P̂SB(ω))]

=
1

Nb

Nb∑
i=1

Eω[DKL(
¯̂
P (i)||P̂ (i)(ω))]

=
1

Nb

Nb∑
i=1

Eω

[
J∑

j=1

¯̂p
(i)
j log

¯̂p
(i)
j

p̂
(i)
j (ω)

]

= Eω

[
J∑

j=1

(
¯̂pSB,j log ¯̂pSB,j −

Nb∑
i=1

¯̂pSB,j

log p̂
(i)
j (ω)

Nb

)]

= Eω

[
J∑

j=1

(
¯̂pSB,j log ¯̂pSB,j − ¯̂pSB,j log(ΠNb

i=1p̂
(i)
j (ω))

1
Nb

)]

≥ Eω

[
J∑

j=1

(
¯̂pSB,j log ¯̂pSB,j − ¯̂pSB,j log(

1

Nb

Nb∑
i=1

p̂
(i)
j (ω))

)]

= Eω

[
J∑

j=1

(
¯̂pSB,j log ¯̂pSB,j − ¯̂pSB,j log p̂MB,j(ω)

)]
= Eω[DKL(

¯̂
PSB||P̂MB(ω))] ≥ Eω[DKL(

¯̂
PMB||P̂MB(ω))] = VMB (B.9)

where the first inequality is true due to the fact that the geometric mean of

nonnegative variables is always less than or equal to the arithmetic mean, and the
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second inequality is true due to the definition of
¯̂
PMB as given in Eq. (5.16). As such,

the MB classifier is more robust than the SB classifier, i.e., VMB ≤ VSB, as stated in

Theorem I.

B.2.1 Algorithm for GPU Acceleration in MGP Imputation

Recent years have seen remarkable advancements in deep learning (Vaswani et al.,

2017), largely attributed to new software frameworks that allow easy use of GPUs for

efficient optimization (Paszke et al., 2019). In our study, we utilize GPU acceleration

for training MUSE-Net, which has become a fundamental practice in modern deep-

learning methodologies. However, using GPUs to speed up MGP imputation remains

relatively unexplored and requires further investigation. MGP-based imputation can

be computationally intensive because it involves operations of large kernel matrices.

MGP-based imputation involves two steps: training (i.e., learning Θ by gradient-

based algorithms) and inference (i.e., calculating the posterior mean for imputation).

Three key components contribute to the computational intensity: multiplication

of the inverse kernel matrix with observed values (Σo
p)

−1yo
p, computation of log

determinant log |Σo
p| and trace Tr

(
(Σo

p)
−1 dΣ

o
p

dΘ

)
. In most existing MGP imputation

techniques (Zhang et al., 2022; Futoma et al., 2017; Moor et al., 2019; Rosnati and

Fortuin, 2021), calculation of the three quantities hinges on Cholesky decomposition

of (Σo
p)

−1, which has cubic time complexity and thus poses significant computational

demands for large datasets. Furthermore, the nonparallelizable nature of Cholesky

decomposition makes it not suitable for GPU acceleration. To address this challenge,

we adopt the blackbox matrix-matrix multiplication framework Gardner et al. (2018)

to integrate the modified preconditioned conjugate gradient (mPCG) approach with

GPU acceleration into the data imputation workflow.

Algorithm 4 summarizes the procedure for MGP imputation with mPCG. The

inputs are initialized MGP hyperparameters Θ0, observed value yo
p, covariance matrix

Σo
p, a matrix ∆ = [d0,d1, · · · ,dt] ∈ ROp×(t+1), where d0 = yo

p, and d1,d2, · · · ,dt are
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i.i.d random vectors from a probability distribution with E(di) = 0 and E(did
T
i ) = P

(i ∈ {1, . . . , t}), P = CCT = (C0C
T
0 + E) ≈ Σo

p, where C0C
T
0 ≈ KM ⊙ KOp is a low-

rank matrix approximation of KM⊙KOp generated by pivotal Cholesky decomposition

with C0 ∈ ROp×r0 (r0 ≪ Op) (Harbrecht et al., 2012). P−1 will then be employed as a

preconditioner for Σo
p to enhance the efficiency of the mPCG (Gardner et al., 2018).

The output of Algorithm 4 is the posterior mean for missing value µyu
p
. Algorithm

4 consists of two main steps: the MGP training step with mPCG acceleration to

generate optimal hyperparameters, Θ∗, followed by the imputation step to the end

of the algorithm.

In MGP training, the key is to compute

(Σo
p)

−1∆ = [(Σo
p)

−1d0, (Σ
o
p)

−1d1, (Σ
o
p)

−1d2, · · · , (Σo
p)

−1dt] (B.10)

in a parallel way in GPU using mPCG. After k iterations, the output of mPCG, i.e.,

Uk ≈ (Σo
p)

−1∆ and T1, T2, · · · , Tt ∈ Rk×k, which are partial Lanczos tridiagonaliza-

tions (Golub and Van Loan, 2013) of Σo
p, can be used to compute (Σo

p)
−1yo

p, log |Σo
p|,

and Tr
(

(Σo
p)

−1 dΣ
o
p

dΘ

)
efficiently. Specifically, (Σo

p)
−1yo

p can be obtained directly as

(Σo
p)

−1yo
p ≈ [Uk]:,1, where [Uk]:,1 is the first column of matrix Uk. The computation of

Tr
(

(Σo
p)

−1 dΣ
o
p

dΘ

)
depends on stochastic trace estimation (Gardner et al., 2018; Ubaru

et al., 2017), which is a method used to efficiently approximate the trace of a large

matrix. The basic idea is to use random vectors, i.e., d1,d2, · · · ,dt, to probe the

matrix as:

Tr

(
(Σo

p)
−1
dΣo

p

dΘ

)
= Tr

(
(Σo

p)
−1
dΣo

p

dΘ
E

di∼N (0,P)
[P−1did

T
i ]

)
= E

di∼N (0,P)

[
Tr

(
(Σo

p)
−1
dΣo

p

dΘ
P−1did

T
i

)]
= E

di∼N (0,P)

[
dT
i (Σo

p)
−1

(
dΣo

p

dΘ
P−1di

)]
≈ 1

t

t∑
i=1

(
dT
i (Σo

p)
−1
)(dΣo

p

dΘ
P−1di

)
(B.11)
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where dT
i (Σo

p)
−1 ≈ ([Uk]:,i+1)

T are computed by mPCG, and P−1 can be calculated

using the Matrix Inversion Lemma, i.e., P−1 = (C0C
T
0 + E)−1 = E−1 − E−1(I +

CT
0 E

−1C0)
−1CT

0 E
−1, which avoids the inversion computation of the Op × Op matrix

using the inversion of a smaller r0 × r0 matrix. To estimate log |Σo
p|, we integrate

stochastic trace estimation with partial Lanczos tridiagonalizations (Golub and

Van Loan, 2013; Saad, 2003), i.e., T1, T2, · · · , Tt, from mPCG. The key idea of partial

Lanczos tridiagonalizations is that instead of calculating the full tridiagonalization,

i.e., (C−1)TΣo
pC

−1 = HTT H where H is orthonormal, we run k iterations (k ≪ Op)

of this algorithm t times so that we obtain t partial Lanczos tridiagonalizations

decompositions Ti. Specifically, the log determinant log |Σo
p| can be calculated by:

log |Σo
p| = log |Σo

pC
−1P(C−1)T | = log |(C−1)TΣo

pC
−1|+ log |P|

log |(C−1)TΣo
pC

−1| = Tr(log T ) = E
di∼N (0,P)

[(dT
i (C−1)T )(log T )(C−1di)]

= E
di∼N (0,P)

[(dT
i (C−1)T )HT

i (log Ti)Hi(C
−1di)]

≈ 1

t

t∑
i=1

eT
1 (log Ti)e1 (B.12)

where log |P| can be computed using the Matrix Determinant Lemma as log |P| =

log |C0C
T
0 + E| = log |CT

0 E
−1C0 + I| + log |E|, which converts the determinant

calculation of Op × Op matrix into the determinant calculation of r0 × r0 matrix;

Ti ∈ Rk×k are partial Lanczos tridiagonal matrices, which can approximate the

eigenvalue of (C−1)TΣo
pC

−1 and can be obtained directly from mPCG (Golub and

Van Loan, 2013; Saad, 2003); Hi is orthonormal matrix generated by C−1di so that

Hi(C
−1di) = e1, where e1 is the first column of identity matrix. Many existing studies

(Gardner et al., 2018; Wang et al., 2019a) have shown that by setting an iteration

number k ≪ Op and utilizing GPU to compute matrix operations in parallel, the

mPCG algorithm can approximate exact solutions of MGP but with much faster

speed compared to Cholesky decomposition.
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The calculated (Σo
p)

−1yo
p, log |Σo

p|, and Tr
(

(Σo
p)

−1 dΣ
o
p

dΘ

)
are used for computing

L(Θ) and its derivative dL/dΘ. These values will be further utilized to estimate the

optimal MGP hyperparameters through a gradient-based optimization algorithm (i.e.,

ADAM Optimizer (Kingma and Ba, 2014)), denoted as Θ∗, which is subsequently

utilized to compute the posterior mean, completing data imputation.

Algorithm 4: Multi-task Gaussian Process (MGP) Imputation with
Modified Preconditioned Conjugate Gradients (mPCG) Acceleration

Input : Initialization of Θ0; y
o
p; Σ

o
p; ∆ = [d0,d1, · · · ,dt];

P−1 = (CCT )−1 = (C0C
T
0 + E)−1, C0C

T
0 generated by decomposing

KM ⊙KOp using pivot Cholesky decomposition; l← 0
Output: The posterior mean for missing values µyu

p

1 while stopping criterion not met do
2 U0 ← 0; R0 ← Σo

pU0 −∆; Z0 ← P−1(R0); S0 ← −Z0; T1, . . . , Tt ← 0 for j = 0

to k − 1 do
3 αj ← (Rj ⊙ Zj)

T1/(Sj ⊙ (Σo
pSj))1 Uj+1 ← Uj + Sjdiag(αj)

Rj+1 ← Rj +Σo
pSjdiag(αj) if ∀i ∈ 1, 2, · · · , t ∥[Rj+1]:,i∥2 < tolerance

then
4 yield Uj+1 break

5 Zj+1 ← P−1(Rj+1) βj ← (Zj+1 ⊙ Zj+1)
T1/(Zj ⊙ Zj)

T1

Sj+1 ← −Zj+1 + Sjdiag(βj) ∀i ∈ 1, 2, · · · , t [Ti]j+1,j+1 ← 1
[αj ]i

+
[βj−1]i
[αj−1]i

if j > 0, otherwise [Ti]j+1,j+1 ← 1/[αj ]i ∀i ∈ 1, 2, · · · , t, j > 0

[Ti]j+1,j , [Ti]j,j+1 ←
√

[βj ]i
[αj ]i

6 yield Uk, T1, . . . , Tt ▷ Used for computation of L(Θl) and
dL
dΘl

Compute:

(Σo
p)

−1yo
p ← [Uk]:,1, log |Σo

p| ←
∑t

i=1 e
T
1 (log Ti)e1 + log |P|,

Tr
(
(Σo

p)
−1 dΣ

o
p

dΘl

)
← 1

t

∑t
i=1([Uk]:,i+1)

T
(
dΣo

p

dΘl
P−1di

)
L(Θl)← log |Σo

p|+ (yo
p)

T (Σo
p)

−1yo
p +

Op

2 log(2π)
dL
dΘl
← (yo

p)
T (Σo

p)
−1 dΣ

o
p

dΘl
(Σo

p)
−1yo

p +Tr
(
(Σo

p)
−1 dΣ

o
p

dΘl

)
Θl+1 ← ADAMOptimizer

(
L(Θl),

dL
dΘl

)
▷ Update Θl+1 by ADAM optimizer

l← l + 1

7 yield Θ∗ = {Vect(B)∗,Diag(E)∗, θ∗} ▷ Complete training step
µyu

p
← (K(Vect(B)∗)M∗M ⊙K(θ∗)UpOp)(Σ

o
p(Θ

∗))−1yo
p ▷ Complete imputation step

return µyu
p
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Appendix C

Figures
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Figure C.1: (a) The architecture of a single residual block (b) The proposed
framework of Multi-branching Temporal Convolutional Network (MB-TCN)
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Figure C.3: Length distribution of the data from (a) Beth Israel Deaconess Medical
Center (i.e., training set) (b) Emory University Hospital (i.e., testing set).
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Figure C.4: Missing-value rate for each medical variable in the dataset from (a) the
training and (b) testing set.

Missing value
imputation

Technique for 
imbalanced data

Model 
Comparison

Carry
forward

Mean

Under-sampling

Over-sampling
Multi-branching

Tensor 
completion

Missing value 
mask

W/O mask
With mask

Number of 
branching outputs

5
10

20

Figure C.5: Experimental Design for evaluating the performance of MB-TCN.
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(b)(a)

Figure C.6: The comparison of (a) ROC (b) PR curve between the proposed MB-
TCN approach and other deep learning-based methods.

(a) (b)

Figure C.7: (a) ROC (b) PR curves of all branching outputs in the MB-TCN model.
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Figure C.8: Distribution of the ESTD of predicted probabilities in the test dataset.

(a) (b)

Figure C.9: (a) ROC (b) PR curves for the 10 folds obtained from our MB-TCN-
AVE model.
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Figure C.10: The variation of predicted performance of MB-TCN-AVE with
different number of branching outputs.
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Figure C.11: The proposed two-level hierarchical deep learning framework: (a) first-
level MadeGAN for anomaly detection; (b) second-level classification for arrhythmia
type identification; (c) multi-branching output.
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Figure C.12: The architecture details of our proposed hierarchical deep learning
framework.
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Figure C.13: Training and testing procedures for the proposed hierarchical deep
learning framework.

Epoch Epoch

AU
PR

C 
Sc

or
e

AU
RO

C 
Sc

or
e

(a) (b)

Figure C.14: The variations of (a) AUROC score and (b) AUPRC score over epochs
in test set for different methods during the first-level anomaly detection.
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Figure C.15: Reconstructed ECG signals by the proposed MadeGAN and other
benchmarks for (a) N class (b) S class (c) V class (d) F class.
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completion-based data imputation; (c) Balanced subsets by under-sampling; (d)
Missingness-informed TCN with multi-branching outputs.
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Figure C.17: Illustration of CP decomposition: ur, hr, and sr denote the r-th
column vector of matrix U , H , and S, respectively.

Figure C.18: Architectural detail of the missingness-informed TCN; (a) Missing
value mask; (b) The architecture of a residual block; (c) The dilated causal
convolution with dilation factors d = 1, 2 and kernel size ke = 3; (d) The multi-
branching output layer.
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Figure C.19: Illustration of the multi-channel input in TCNs.

Figure C.20: Missing rates for blood test variables in the dataset from DR patients
(top) and Non-DR patients (bottom).
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Figure C.21: Illustration of the experimental design to evaluate the performance of
the proposed MB-TCN-TC method.

Figure C.22: (a) ROC and (b) PR curves for the proposed MB-TCN-TC with 10
branching outputs and other methods.
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Figure C.23: The variations of training and validation (a) losses and (b) AUROC
scores over epochs for our MB-TCN-TC-10 model.
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Figure C.24: Illustration of multi-head attention with 2 heads. (a) Derivation of
Q,K, V matrices for each head with linear transformations of Xp: Ql = F l

Q(Xp) =

XpW
Q
l , Kl = F l

K(Xp) = XpW
K
l , Vl = F l

V (Xp) = XpW
V
l , l = {1, 2}; (b) Compute

key-query pairs for each head; (c) Compute attention weights from softmax function
and further compute the output of heads 1 and 2 as the weighted sum of values; (d)
The final output is the multiplication of the concatenation of all head outputs and
another weight matrix WO.
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Figure C.25: The proposed MUSE-Net framework: (a) Multi-task Gaussian process
for data imputation, and missing value masks generation; The imputed data and
missing value masks are processed by the proposed MUSE-Net, which consist of (b)
Missingness-aware Self-attention Encoder and (c) Multi-branching output layer.
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Figure C.26: Illustration of the experimental design to evaluate the performance of
the proposed MUSE-Net.
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Figure C.27: AUROC and AUPRC scores across epochs for MUSE-Net-9 utilizing
different imputation methods on the validation set of the simulated data.

Figure C.28: AUROC and AUPRC scores across epochs for MUSE-Net with
different numbers of MB outputs on the validation set of the simulated data imputed
by MGP.

Figure C.29: AUROC and AUPRC scores across epochs for MUSE-Net with mean
imputation and different numbers of MB outputs on the validation set of the simulated
data.
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Figure C.30: AUROC and AUPRC across 15 epochs for our MUSE-Net and other
benchmarks on the DR validation set.
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Appendix D

Tables

Table D.1: The comparison of AUROC and AUPRC between the proposed MB-
TCN method with existing deep learning-based methods.

MB-AVE MB-CM MB-VO
Pure
Model

Over-
sampling

Under-
sampling

Under-
sampling
DTW-HC

AUROC
(TCN)

0.892 0.891 0.885 0.812 0.884 0.782 0.831

AUROC
(LSTM)

0.878 0.879 0.878 0.831 0.872 0.834 0.824

AUPRC
(TCN)

0.527 0.525 0.499 0.449 0.413 0.242 0.447

AUPRC
(LSTM)

0.460 0.460 0.458 0.431 0.414 0.400 0.436

Table D.2: The comparison of AUROC and AUPRC scores of MB-TCN-AVE with
missing-value mask and other imputation methods

MB-TCN-AVE Carry-forward imputation Mean imputation

AUROC 0.892 0.821 0.821
AUPRC 0.527 0.397 0.389

Table D.3: The comparison of missing-value rate of vital signs between samples
with ESTD≥ 0.3 and others in the test dataset

HR O2Sat Temp SBP MAP DBP Resp

std≥ 0.3 0.1825 0.2134 0.7264 0.2113 0.2295 0.2118 0.2766
std< 0.3 0.1381 0.1580 0.6686 0.1558 0.1661 0.1561 0.2248
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Table D.4: The comparison of AUROC and AUPRC between the proposed MB-
TCN method with existing literature.

Authors Methods AUROC AUPRC

Wang and Yao MB-TCN-AVE 0.892 0.527
Morrill et al.Morrill et al. (2019), 2019 Signature-based regression 0.868 -

Du et al.Du et al. (2019), 2019 Gradient boosted decision tree 0.851 0.116
Zabihi et al.Zabihi et al. (2019), 2019 XGBoost 0.833 -
Yang et al. Yang et al. (2019), 2019 XGBoost 0.847 -
Singh et al. Singh et al. (2019), 2019 XGBoost 0.838 -

Table D.5: The comparison of AUROC and AUPRC between MB-TCN and MB-
TCN+DTW-HC

MB-AVE +
DTW-HC

MB-CM +
DTW-HC

MB-VO +
DTW-HC

MB-AVE MB-CM MB-VO

AUROC 0.900 0.900 0.895 0.892 0.891 0.885
AUPRC 0.560 0.559 0.522 0.527 0.525 0.499

Table D.6: The comparison of AUROC and AUPRC for the MB-TCN trained by
dataset with different sample lengths

Full length 60-hours 40-hours

AUROC 0.900 0.887 0.872
AUPRC 0.560 0.545 0.487

Table D.7: The comparison of AUROC and AUPRC scores of our MadeGAN and
other models in the first-level anomaly detection.

AUROC AUPRC

MadeGAN 0.954 0.936
BeatGAN 0.941 0.922
MemAE 0.927 0.902

AE 0.906 0.886

Table D.8: The comparison of point metrics of MadeGAN and other methods in
the first-level anomaly detection.

Recall Precision f -score Accuracy
Balanced-
Accuracy

MadeGAN 0.954 0.856 0.902 0.885 0.913
BeatGAN 0.944 0.826 0.881 0.884 0.892

AE 0.894 0.760 0.821 0.784 0.834
MemAE 0.886 0.782 0.831 0.800 0.844
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Table D.9: The comparison of AUROC and AUPRC between MB-Conv1D-Discrim
and other approaches in the second-level classification

S Class V Class F Class

AUROC AUPRC AUROC AUPRC AUROC AUPRC

MB-Conv1D-Discrim 0.988 0.989 0.988 0.987 0.997 0.988
MB-Conv1D-Encoder 0.963 0.955 0.960 0.938 0.952 0.899
MB-Conv1D-Gene 0.983 0.981 0.985 0.938 0.952 0.953

MB-Conv1D 0.987 0.987 0.984 0.975 0.981 0.939
Conv1D-Discrim 0.985 0.981 0.984 0.987 0.963 0.911
Conv1D-Encoder 0.974 0.956 0.979 0.986 0.952 0.719
Conv1D-Gene 0.979 0.961 0.980 0.981 0.959 0.828

Conv1D 0.976 0.953 0.974 0.983 0.924 0.534

Table D.10: Confusion matrix on the test dataset from the second-level MB-Conv1d-
Discrim method.

Predicted labels

S V F

True
labels

S 299 4 0

V 4 687 10

F 0 1 80

Table D.11: The comparison of point metrics between MB-Conv1d-Discrim and
other approaches in the second-level classification

Recall Precision f -score Accuracy

MB-Conv1d-Discrim 0.976 0.976 0.975 0.976
MB-Conv1d-Encoder 0.881 0.881 0.879 0.891
MB-Conv1d-Generator 0.913 0.933 0.922 0.928

MB-Conv1d 0.931 0.936 0.934 0.939
Conv1d-Discrim 0.955 0.947 0.951 0.973
Conv1d-Encoder 0.786 0.869 0.819 0.917
Conv1d-Generator 0.888 0.877 0.881 0.934

Conv1d 0.752 0.801 0.770 0.896

Table D.12: The comparison of AUROC and AUPRC between MadeGAN and
existing anomaly detection models.

Authors Methods AUROC AUPRC

Wang et al. MadeGAN 0.950 0.922
(Zhou et al., 2019), 2019 BeatGAN 0.945 0.911
(Shin et al., 2020), 2019 AnoGAN 0.948 -
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Table D.13: The comparison of performance scores between our MB-Conv1d-
Discrim and existing classification models.

Authors AUROC AUPRC Recall Precision f−score Accuracy

Wang et al. (2023) 0.989 0.984 0.964 0.967 0.965 0.967
Li and Zhou (2016) - - 0.647 0.475 - 0.946
Acharya et al. (2017) - - 0.960 0.915 - 0.940
Mousavi et al. (2021) - - 0.831 0.923 - 0.987
Kachuee et al. (2018) - - - - - 0.934

Table D.14: The comparison of the proposed MadeGAN and other models in 1st-
level anomaly detection for the long-term ST database

AUROC AUPRC Recall Precision f -score Accuracy

MadeGAN
0.984
(0.001)

0.986
(0.002)

0.956
(0.004)

0.954
(0.005)

0.947
(0.004)

0.955
(0.003)

AE
0.956
(0.004)

0.964
(0.001)

0.897
(0.01)

0.919
(0.007)

0.898
(0.004)

0.908
(0.004)

MemAE
0.965
(0.003)

0.965
(0.003)

0.904
(0.018)

0.940
(0.019)

0.912
(0.016)

0.921
(0.015)

BeatGAN
0.972
(0.002)

0.973
(0.002)

0.944
(0.014)

0.927
(0.015)

0.930
(0.004)

0.938
(0.004)

Table D.15: The comparison of MB-Conv1d-Discrim and other models in 2nd-level
multi-classification for the long-term ST database

AUROC AUPRC Recall Precisio f -score Accuracy

MB-Conv1d-
Discrim

0.991
(0.002)

0.953
(0.003)

0.917
(0.005)

0.955
(0.003)

0.920
(0.003)

0.972
(0.003)

MB-Conv1d-
Encoder

0.957
(0.002)

0.801
(0.005)

0.800
(0.004)

0.758
(0.009)

0.770
(0.007)

0.905
(0.006)

MB-Conv1d-
Generator

0.962
(0.001)

0.849
(0.004)

0.799
(0.001)

0.842
(0.002)

0.818
(0.003)

0.925
(0.002)

MB-Conv1d
0.987
(0.003)

0.912
(0.02)

0.876
(0.02)

0.953
(0.004)

0.920
(0.003)

0.972
(0.003)

Conv1d-
Discrim

0.988
(0.001)

0.943
(0.007)

0.909
(0.032)

0.933
(0.019)

0.918
(0.17)

0.963
(0.17)

Conv1d-
Encoder

0.956
(0.006)

0.803
(0.032)

0.837
(0.063)

0.690
(0.021)

0.715
(0.029)

0.932
(0.004)

Conv1d-
Generator

0.954
(0.007)

0.826
(0.022)

0.847
(0.038)

0.747
(0.069)

0.765
(0.061)

0.916
(0.01)

Conv1d
0.969
(0.007)

0.884
(0.013)

0.888
(0.006)

0.850
(0.029)

0.866
(0.015)

0.968
(0.013)
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Table D.16: Existing machine learning methods for DR prediction using EHRs and
their limitations

Authors Methodology Limitations

1 Semeraro et al. (2011)
Cox

Proportional
Hazard Model

1). Linearity assumption not generally
valid for real-world EHRs
2). Not applicable to model
medical data with missing values
and imbalanced issue.

2 Ogunyemi and Kermah (2015)
Ensemble
Learning 1). Not able to model longitudinal EHRs.

2). Not able to address missing values
and imbalanced issues
in longitudinal EHRs.

3 Piri et al. (2017)
Logistic Regression
Random Forest
Neural Network

4 Wang et al. (2021) Random Forest

5 Chen et al. (2022)
Temporal

Neural Network
Not able to exploit the multi-dimensional
correlation for missing value imputation.

6 Wang et al. (2023a)
Bayesian Finite
Mixture Model

1). Not able to model longitudinal EHRs.
2). Not able to exploit the multi-dimensional
correlation for missing value imputation.

Table D.17: The comparison of performance scores between our MB-TCN-TC with
10 branching outputs and other methods.

Model
Name

True
Positive

False
Positive

True
Negative

False
Negative

Recall Precision
F1

Score

MB-TCN
-TC-10

1,880 722 79,558 680 0.734 0.723 0.728

MB-TCN
-TC-10

w/o Mask
1,852 794 79,486 708 0.723 0.699 0.711

TCN-TC
+ Over-sample

1,844 822 79,458 716 0.720 0.691 0.705

TCN-CF
+ Original

1,800 1,540 78,740 760 0.703 0.539 0.610

Table D.18: The performance comparison in AUROC and AUPRC between our MB-
TCN-TC model and other imputation methods with and w/o missing value mask.
Note that all the network models contain an MB layer with 10 branching outputs.

Model:
MB-TCN-10

Tensor
Decomposition

Carry Forward
imputation

Mean
imputation

Mask w/o Mask Mask w/o Mask Mask w/o Mask

AUROC 0.949 0.937 0.925 0.915 0.916 0.920
AUPRC 0.793 0.775 0.734 0.724 0.726 0.727
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Table D.19: The comparison between MB-TCN-TC-10 and other methods in
handling the imbalanced data issue.

Model
MB-TCN-

TC-10
TCN-TC +

under-sampling
TCN-TC +

over-sampling
TCN +

original data

AUROC 0.949 0.933 0.934 0.923
AUPRC 0.793 0.756 0.771 0.772

Table D.20: Performance comparison between our MB-TCN-TC-10 method and
traditional machine learning methods.

Model
Name

True
Positive

False
Positive

True
Negative

False
Negative

AUROC AUPRC Recall Precision F1 Score

MB-TCN
-TC-10

1,880 722 79,558 680 0.949 0.793 0.734 0.723 0.728

Original
TCN

1,800 1,540 78,740 760 0.893 0.709 0.703 0.539 0.610

Random
forest

1,805 2,382 77,898 755 0.907 0.728 0.705 0.431 0.535

XGBoost 1,813 2,345 77,935 747 0.915 0.734 0.708 0.436 0.540
Neural
network

1,840 4,730 75,550 720 0.900 0.716 0.719 0.280 0.404

Logistic
regression

1,772 2,669 77,611 788 0.882 0.709 0.692 0.399 0.507

Table D.21: The variation of AUROC and AUPRC generated by MB-TCN-TC with
different numbers of MB outputs.

Model
MB-TCN-

TC-5
MB-TCN-

TC-10
MB-TCN-

TC-20

Mask w/o Mask Mask w/o Mask Mask w/o Mask

AUROC 0.948 0.941 0.949 0.944 0.934 0.931
AUPRC 0.791 0.780 0.793 0.787 0.771 0.760

Table D.22: Architectures of MUSE-Net and other benchmarks for DR dataset.

Number of
model parameters

Number of
layers (blocks)

Number of outputs
in MB layer

Optimizer

MUSE-Net 4,282

2 10

Adam with

decoupled weight decay
(AdamW)

Loshchilov and Hutter (2017)

GRU 4,333
LSTM 4,686

TCN 4,396

Table D.23: AUROC and AUPRC scores for MUSE-Net and other benchmarks on
the DR test set.

MUSE-Net TCN LSTM GRU

AUROC 0.949 0.928 0.919 0.932
AUPRC 0.883 0.839 0.825 0.844
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Table D.24: The comparison of AUROC and AUPRC between our MUSE-Net-10
with MGP imputation and other imputation methods on the DR test set.

Model: MUSE-Net MGP imputation GP imputation Mean imputation

Mask w/o Mask Mask w/o Mask Mask w/o Mask

AUROC 0.949 0.910 0.938 0.909 0.917 0.901
AUPRC 0.883 0.814 0.833 0.799 0.819 0.770

Table D.25: AUROC and AUPRC scores for MUSE-Net+MGP with different MB
numbers in the DR test set.

MB 10 MB 8 MB 6 MB 4 MB 2 MB 1
AUROC 0.949 0.948 0.947 0.947 0.940 0.935
AUPRC 0.883 0.884 0.878 0.879 0.870 0.860
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