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Abstract

Cardiovascular disease (CVD), a major cause of death and disability globally, encompasses
disorders impacting the heart and vascular system, including coronary heart disease, stroke, and
heart failure (HF). HF, a serious complication of is defined by the heart's reduced capacity to
effectively circulate blood, often resulting from other cardiovascular conditions. Patients with HF
typically experience symptoms like shortness of breath, fatigue, and leg swelling. Given its chronic
and progressive nature, early diagnosis and continuous monitoring are crucial for improving
outcomes. Traditional HF management relies on clinical labels, which limits the identification of
patient subgroups. Due to the variability in pulse wave morphology, understanding key features is
essential for more accurate diagnosis. An unsupervised clustering algorithm can help detect HF
subgroups without depending on labels, enhancing personalized care.

Left ventricular enlargement (LVE), a common issue in CVD, often arises from long-term
pressure or volume overload. Observed in conditions like hypertension, HF, and coronary artery
disease, untreated LVE can lead to worsening heart function and increased risk of complications.
Early detection and monitoring of LVE progression are vital for improving HF patient outcomes
and optimizing treatment strategies.

Driven by the swift developments in artificial intelligence (Al), including machine learning
(ML), integrating physiological signals like pulse waves offers non-invasive early screening,
personalized treatment, and long-term monitoring solutions. This has shown great potential in the
diagnosis, prediction, and management of CVDs. Developing ML strategies based on pulse wave
signals to identify subgroups among HF patients and detect LVE holds significant clinical potential,
providing clinicians with an effective, non-invasive tool for diagnosing and managing HF and
ventricular remodeling. Ultimately, this supports personalized treatment and reduces complications.
Building on the foundation of this study context, the aspects of the thesis are consolidated as below:

Chapter I: This chapter introduces the background on CVDs emphasizing HF and LVE as



Dissertation, Chiba University

critical complications. It discusses the limitations of traditional diagnostic methods relying on
clinical labels and highlights the potential of Al in non-invasive, accurate, and personalized
diagnosis and monitoring through pulse wave analysis. The chapter sets the stage for developing
Al-based strategies to improve CVD patient management.

Chapter II: We collected and standardized the pulse wave time series and clinical data from
380 HF patients. Using the K-means " algorithm, we clustered the datasets, evaluated the clustering
performance, and analyzed the clinical differences between the groups. An RF classifier was used
to quantify the importance ratio of pulse wave time-frequency features in distinguishing between
clusters. We successfully identified two patient subgroups, revealing significant differences in age,
heart rate, and ejection time between the clusters. Additionally, the Upstroke time, mean value, fall
time, and skewness were identified as key pulse wave morphological features. This provides initial
evidence that non-invasive and easily accessible pulse wave signals can be used for stratified
management of HF patients.

Chapter III: We established a dataset of 264 HF patients through strict data screening and
divided the patients into LVE and non-LVE groups based on clinical labels. Fourier series analysis
was used to verify the significant distinctions between the two groups, ensuring the validity of the
dataset. We then proposed a weighted RF classification algorithm to distinguish between LVE and
non-LVE patients and compared the classification results with the clinical labels. The findings
indicated that the classification model demonstrated excellent performance, achieving an accuracy
of 0.91 and an area under the receiver operating characteristic curve (AUC-ROC) of 0.93,
effectively identifying LVE in HF patients. This study emphasizes the promise of ML models based
on pulse wave signals for non-invasive identification of LVE patients.

Chapter I'V: Building on the previous exploration, we further collected the left ventricular end-
diastolic diameter index (LVDdI) from 264 HF patients as a key indicator for quantitatively
predicting LVE. We proposed a regression algorithm based on a densely connected convolutional
network to directly predict the specific values of the LVDdI. Subsequently, we used the Bland-
Altman method to assess the consistency between the predicted values and the clinical

measurements. The results showed that the regression model attained an accuracy of 0.88 and an

II
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AUC-ROC 0f 0.89, demonstrating good predictive performance. In comparison to the classification
algorithm in Chapter 3, this chapter focuses on directly predicting the specific values of LVE using
the regression model, rather than simply classifying patients as LVE or non-LVE. This approach
not only provides more precise quantitative predictions, enabling physicians to more accurately
assess the extent of LVE, but also offers data support for further personalized treatment and long-
term monitoring.

Chapter V: This thesis underscores the effectiveness of Al-driven analysis of pulse wave
signals for diagnosing and predicting CVDs. By employing ML techniques, the research
successfully identified key pulse wave features and demonstrated their potential for accurate, non-
invasive detection of conditions such as HF and LVE. The findings suggest that these Al-based
methods can enhance clinical precision, support personalized patient management, and streamline
healthcare processes. Overall, the study points to broad prospects for integrating pulse wave

analysis with Al to improve the diagnosis, monitoring, and treatment of CVDs.

Keywords: Cardiovascular disease; Heart failure; Deep learning; Machine learning; Pulse wave;

Left ventricular enlargement; Importance ratio.
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General Introduction
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1.1 Cardiovascular diseases (CVDs)

1.1.1 CVDs and heart failure (HF)

CVD encompasses a collection of disorders that affect the heart and vascular system, primarily
comprising conditions like atherosclerosis, myocardial infarction, coronary artery disease, and
stroke. These diseases typically result from the hardening, narrowing, or blockage of blood vessels,
leading to insufficient blood supply to organs and subsequent dysfunction. HF is one of the serious
consequences of CVD. It occurs when the heart deteriorates due to a pathological condition,
rendering it unable to adequately circulate sufficient blood to fulfill the body's metabolic

requirements.

1.1.2 Health Burden of HF

HF is recognized as a worldwide health crisis, affecting an estimated 64.3 million individuals
globally in 2017 [1-3]. With improvements in patient survival rates following HF diagnoses, the
widespread use of evidence-based treatment methods, and the increasing life expectancy of the

global population, the prevalence of HF is projected to increase further.

The economic burden of HF on healthcare systems worldwide is also becoming increasingly
severe. In 2012, the total healthcare expenditure related to HF in the United States was
approximately $30.7 billion, with projections suggesting a 127% increase by 2030, reaching $69.8
billion, equivalent to around $244 per U.S. adult [4,5], as shown in Fig. 1-1.
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Global Burden of Heart Failure
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Fig. 1-1 Global Burden of HF. Prevalence: 1-3% in adults, overall increasing; Incidence: 1-20
cases per 1,000 people, stable or declining; Mortality: 30-day 2-3%, 1-year 15-30%, 5-year 50-
75%; Costs: Annual healthcare costs up to €25,500, rising with aging population.

1.1.3 Diagnosis and management of HF and Left ventricular enlargement (LVE)

HF is a chronic, progressive condition typically linked to structural or functional abnormalities
of the heart, resulting in the heart's failure to adequately pump blood to satisfy the body's demands.
HF is characterized by high mortality [6], frequent recurrence [7], a significant decline in quality
of life [8], and substantial economic burden on patients. As a result, the diagnosis and management

of HF hold considerable research importance.

Early and accurate detection of HF is crucial for improving long-term prognosis, as it enables
physicians to implement effective treatments promptly, thereby reducing complications and

lowering mortality rates. HF can be diagnosed using various methods, typically including clinical
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evaluation, laboratory testing, and clinical signal monitoring. Clinical evaluation involves detailed
inquiries about the patient's symptoms and physical examination. Physicians usually assess
whether the patient exhibits typical HF symptoms, like breathlessness, fatigue, or leg swelling, and
use auscultation to detect any abnormal heart or lung sounds that may indicate fluid buildup or
other issues [9]. Laboratory testing, particularly with biomarkers like brain natriuretic peptide
(BNP) and N-terminal pro-brain natriuretic peptide (NT-proBNP), is vital for HF assessment
[10,11]. When cardiac function is impaired, these biomarkers typically rise significantly, indicating
increased heart pressure or volume overload. They are key indicators in the diagnosis of HF.
Clinical signal monitoring methods include pulse wave analysis, electrocardiograms (ECG), and
heart sounds, which are commonly used tools [12,13]. Pulse wave analysis, as a non-invasive
hemodynamic detection technique, is widely applied for cardiovascular function evaluation owing
to its efficiency, rapidity, and strong reliability [ 14]. Pulse waves originate from each heartbeat and
travel along the arteries, reflecting at arterial branches. Characteristics such as pulse wave speed,
shape, amplitude, and duration can reveal the functional state of the blood vessels [15,16].
Pathophysiological conditions like arterial stiffness or changes in vascular resistance can alter these
waveforms. For instance, arterial stiffness may cause an increase in pulse wave velocity, an
elevated main peak, or the early appearance of reflected waves. Thus, pulse wave analysis provides
valuable insights into vascular health and cardiac function for physicians. Jin et al. explored the
characteristics of carotid-femoral pulse wave velocity (cfPWV) in healthy individuals and its
correlation with cardiovascular risk factors. The results indicated that cfPWYV values differed by
gender and age, with factors such as age, systolic blood pressure, and heart rate significantly
affecting cfPWYV in both males and females [17]. Valencia-Hernandez et al [18]. investigated
whether aortic pulse wave velocity (PWV) could predict major cardiovascular incidents and
improve the efficacy of the American Heart Association/American College of Cardiology risk
assessment score. The results showed that aortic stiffness, as measured by PWYV, is a significant
predictor of adverse cardiovascular incidents and can enhance risk assessment in the elderly
population. In 1973, Dawber et al. categorized four distinct DVP shapes according to the features

of the dicrotic notch, as shown in Fig. 1-2. These categories range from Class 1, which features a
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clearly visible and well-defined dicrotic notch, to Class 4, where the dicrotic notch is not visible.
Other methods for identifying typical DVP waveforms have also been explored: Sherebrin and
Sherebrin [19] classified DVP into three categories by age using frequency analysis; Tigges et al.
[20] applied ML and deep learning (DL) techniques based on handcrafted features to classify DVP
shapes into the four categories proposed by Dawber et al.; Wang et al. [21] introduced a multi-
Gaussian fitting approach, classifying DVP into five categories. This shows that utilizing non-
invasive and easily obtainable pulse wave signals to explore the classification and subtype

detection of CVDs is feasible and promising.

CVDs are commonly associated with the presence of multiple overlapping risk factors, while
pulse waveforms are shaped by variables such as age, gender, and lifestyle. This complexity poses
challenges in isolating pulse wave parameters that are directly linked to particular cardiovascular
risk factors. Thus, it becomes vital to identify and evaluate characteristic pulse waveforms
influenced by distinct risk factors to improve the accuracy of diagnosing and treating

cardiovascular conditions.
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Fig. 1-2 Four pulse waveform classes based on the features of the dicrotic notch. (a) Class 1: clearly

visible and well-defined dicrotic notch. (b) Class 2: dicrotic notch is visible but less distinct than
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in class 1. (¢) Class 3: weak dicrotic notch, only slightly visible. (d) Class 4: dicrotic notch is not

visible.

LVE refers to the abnormal enlargement or expansion of the left ventricle, as shown in Fig. 1-
2, typically caused by prolonged pressure or volume overload, which prevents the myocardium
from effectively pumping sufficient blood [22]. LVE is a common pathological feature in many
heart diseases, such as HF, cardiomyopathy, and coronary artery disease. Its main characteristics
include an enlarged left ventricular chamber and increased tension in the myocardial wall. When
LVE occurs, the ventricular wall becomes thinner, reducing the heart's contractile function and
pumping efficiency, resulting in insufficient cardiac output. The enlarged left ventricle may also
increase the heart's oxygen demand, making it more prone to arrhythmia or further cardiac damage
[23]. Therefore, prompt identification and intervention for LVE are crucial in preventing the

progression of heart disease.



Dissertation, Chiba University

Normal heart

Fig. 1-3 Comparison of a normal heart and a heart with LVE.

The detection of LVE primarily relies on medical history evaluation and imaging techniques,
such as transthoracic echocardiography (TTE) and cardiac magnetic resonance (CMR). CMR is
considered the most precise approach for assessing the structure, size, and position of the heart
[24]. However, due to its high cost, lengthy examination time, and magnetic field restrictions for
patients with metal implants, CMR is not commonly used as a routine diagnostic tool [25]. In
contrast, TTE is widely recognized for its non-invasive nature, real-time imaging capability, and
patient-friendly approach, making it a popular choice for assessing and diagnosing cardiac function

[26,27]. Nevertheless, the accessibility and convenience of TTE are somewhat limited by the need
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for specialized equipment and skilled operators. Therefore, developing a non-invasive and easily
accessible physiological signal tool for identifying LVE is of great importance. Pulse wave, as a
physiological signal, has been widely applied in health monitoring and CVD prediction [28]. Pulse
waves not only contain valuable information about the physiological and pathological state of the
human cardiovascular system, but also provide key physiological data related to blood supply
capacity and transport efficiency [29]. Nowadays, with various low-cost home electronic devices,
pulse wave signals can be easily measured non-invasively, offering a low-cost, user-friendly
solution for diagnosing CVD and its associated complications. The convenience and accessibility
of this technology, especially for home monitoring, enhances its potential in early diagnosis and
long-term health management, while also helping to reduce the burden on healthcare resources.
Currently, many studies have already investigated the application of pulse wave signals for
detecting specific CVDs. For instance, research conducted by Ninna Hahn Tougaard et al. found
that higher cfPWV among patients with type 1 diabetes is linked to a higher risk of developing
kidney disease, cardiovascular events, and mortality. cfPWV could function as a useful mechanism
for risk categorization in this population [30]. A study by Koivistoinen et al. found that PWV is an
independent predictor of blood pressure progression and the incidence of hypertension in young
individuals. Adding PWV to traditional cardiovascular risk factors significantly improved the
prediction of hypertension onset [31]. Chou et al. proposed a method for identifying four life-
threatening arrhythmias using pulse-to-pulse interval analysis. The Random Forest (RF) classifier
demonstrated the best performance, with a Kappa coefficient of 98.86%, outperforming other
classifiers, and showing great potential for detecting arrhythmias in mobile health applications [32].
Therefore, pulse wave, as a low-cost, patient-friendly physiological signal that can be non-
invasively measured through home electronic devices, is a feasible method for detecting LVE. With
the rapid development of ML and DL, many methods have been successfully applied to pulse wave
signal analysis, showing great potential and feasibility in pulse wave pattern classification and

cardiac function prediction.
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1.2 Artificial intelligence (AI)

1.2.1 Definitions

Al refers to the development of computational systems and machines able to execute tasks that
rely on cognitive abilities. Such tasks encompass learning, reasoning, and problem-solving,
understanding natural language, pattern recognition, and adapting to new environments [33]. Al
integrates fields such as computing, mathematical studies, and cognitive sciences, and neuroscience
to create algorithms and models that enable machines to think and learn [34]. The core areas of Al
include ML, DL, and natural language processing (NLP) [33,34]. These technologies allow Al
systems to continuously improve their performance through data analysis, decision-making, and
more natural interaction with humans. Today, Al is extensively utilized in domains like medical
care, finance, autonomous driving, and mobile applications, significantly enhancing efficiency,

accuracy, and innovation across industries [35].

1.2.2 Deep learning and machine learning

ML and DL are two important subfields of Al, with their core being the ability to enable
machines to automatically learn and improve through data. ML is a technology that allows
computational frameworks to extract knowledge from data without direct coding instructions [36].
It builds mathematical models, learns using training data, and makes forecasts or choices derived
from new data. ML primarily includes three types: supervised learning, unsupervised learning, and
reinforcement learning, as shown in Fig. 1-4 [37]. Supervised learning is trained using known data
and outcomes, such as in classification and regression tasks. Unsupervised learning, on the other
hand, deals with unlabeled data, aiming to discover hidden patterns, such as in clustering analysis
[38]. Reinforcement learning learns through trial and error, optimizing decisions using a reward
system, and is often used in complex decision-making problems [39].

DL, a branch of ML, is modeled after the neural architecture of the human brain. It utilizes

multi-layer artificial neural networks (deep neural networks, DNN) to automatically learn and

10
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extract complex patterns and features from data [40], as shown in Fig. 1-5. Compared to traditional
ML, DL excels at handling large volumes of unstructured data, such as images, audio, and text. Its
key features include the use of multi-layer neural networks to automatically extract higher-level
features, strong adaptive learning capabilities, and outstanding performance for advanced

applications such as visual recognition, audio interpretation, and language understanding.
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Fig. 1-4 The three types of ML: supervised learning, unsupervised learning, and reinforcement

learning. Supervised learning trains models using labeled data, with typical applications in
classification and regression. Unsupervised learning trains models using unlabeled data, commonly
applied in clustering analysis. Reinforcement learning optimizes decision-making processes

through interaction with the environment and feedback mechanisms.
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Deep neural networks
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Fig. 1-5 Schematic Diagram of DNN Structure. The basic structure of a DNN consisting of an input
layer, multiple hidden layers in the middle, and an output layer. Input data is processed through
neurons in the hidden layers, with each layer's neurons interconnected. Features are extracted layer
by layer, allowing the network to learn complex patterns, and the final prediction is generated in

the output layer.

1.2.3 CVDs detection via Al

The combination of physiological signals and ML has become an effective method for
detecting CVDs. Physiological signals such as pulse waves and ECG provide rich data regarding
the circulatory system, including blood pressure, heart rate, and hemodynamic parameters. By
integrating ML techniques, the analysis of these signal features enables accurate prediction of
cardiovascular function parameters and early detection of CVDs. In recent years, ML models, such
as DL and neural networks, have been widely used in pulse wave signal classification and cardiac
function prediction, demonstrating significant potential in CVD diagnosis. The minimally invasive
characteristic and cost-effectiveness of this approach make it a patient-friendly tool for early
diagnosis and monitoring. Han et al. proposed a new method that combines a multi-lead residual
neural network and feature fusion, utilizing 12-lead ECG data for myocardial infarction detection
and localization, achieving high accuracy and outperforming traditional methods [41]. Mousavi et

al. proposed HAN-ECG, an interpretable two-way recurrent neural network for detecting atrial
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fibrillation using ECG signals. The model leverages a hierarchical attention mechanism to enhance
interpretability and achieve superior performance compared to existing algorithms, providing
clinically meaningful insights into its decision-making process [42]. Wang et al. explored the
feasibility of using ML- driven pulse wave analysis for the early identification of abdominal aortic
aneurysms (AAA) through a synthetic pulse wave dataset. By training a ML model on silico data,
the study achieved a sensitivity of 86.8% and a specificity of 86.3% for detecting AAA from
photoplethysmogram pulse wave signals [43]. Li et al. developed a CNN model to classify pulse

waveforms associated with five conditions, achieving a 95% success rate [44].

These studies have laid a solid foundation for detecting specific CVDs using physiological
signals combined with ML, demonstrating the great potential of ML methods in cardiovascular
health monitoring. However, most research has focused on the general population, with few studies
specifically targeting HF patients. For this patient group, existing ML models and detection
methods have yet to fully address their unique pathological characteristics. Additionally, although
cardiac remodeling, especially LVE, is a key physiological manifestation of HF, achieving its non-
invasive detection and long-term monitoring remains a significant challenge. Current detection
methods mainly rely on imaging techniques such as CMR or TTE, which, although accurate, have
limitations in terms of cost, availability, and patient comfort. Therefore, developing non-invasive
detection technologies based on physiological signals like pulse waves, combined with the
powerful feature extraction and pattern recognition capabilities of ML, could provide a more cost-
effective and convenient solution for detecting and managing LVE in HF patients, which remains

an important issue to be addressed.

1.2.4 Unsupervised learning for pulse waves in CVDs

Unsupervised learning is a ML method that does not rely on predefined labels or classifications
during the training process [45]. Instead, it identifies potential relationships and features by
analyzing and exploring the structure and patterns within the data. It is mainly used for handling

unlabeled data, with common applications including clustering, dimensionality reduction, and
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anomaly detection. Through unsupervised learning, models can discover hidden patterns in the data,
helping to uncover unknown knowledge or information, which is particularly valuable in complex
datasets [46].

The application of unsupervised learning in CVDs primarily includes patient subgroup
discovery, anomaly detection, feature extraction and dimensionality reduction, as well as pattern
recognition and risk stratification. Using unsupervised learning algorithms (such as clustering
analysis), patients with CVDs can be grouped into different subgroups based on physiological
signals like pulse waves and ECGs, aiding in personalized treatment. Additionally, unsupervised
learning can detect abnormal heart rhythms in ECGs, enabling early identification of
cardiovascular events for timely warnings. Unsupervised learning also enhances the processing
efficiency and accuracy of complex physiological data through feature extraction and
dimensionality reduction techniques, identifies key patterns associated with increased heart attack
risk, supporting more precise diagnosis and risk stratification. Through these applications,
unsupervised learning plays a significant role in the accurate diagnosis and personalized treatment
of CVDs. Flores A et al. used unsupervised ML to identify four coronary artery disease subgroups
with distinct clinical outcomes and risk characteristics based on clinical and genetic data.
Compared to traditional methods, the identified subgroups provided better assessment of major
cardiovascular incidents and mortality, highlighting the potential of unsupervised algorithms in
processing diverse patient data for precision population health [47]. Grigorios M Karageorgos et
al. proposed an unsupervised DL-based method to enhance arterial wall motion estimation for
imaging vascular elasticity. The model demonstrated high accuracy in generating localized pulse
wave velocity maps, with low error rates and strong correlation. The results indicate that this novel
approach could significantly improve the quality of arterial stiffness assessments in cardiovascular
diagnostics [48]. Rousseau-Portalis et al. used an unsupervised clustering method to evaluate the
association between cfPWV and Coronary Calcium Score (CCS). The results showed that cfPWV
is closely correlated with CCS, with both measures progressing more rapidly in the high-risk group.
This suggests that cfPWV could enhance cardiovascular risk stratification and serve as a gatekeeper

for CCS testing [49]. These studies demonstrate that unsupervised learning holds great potential
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and promise in the discovery of subgroups, early diagnosis, personalized treatment, and long-term

monitoring of CVDs.

Compared to supervised learning, which relies on clinical labels, unsupervised learning can
detect undefined or abnormal subgroups. Although there have been some clustering studies on
pulse wave morphology, such as [20] et al. using ML and DL methods trained on handcrafted
features to classify digital volume pulse waveforms into four categories proposed by Dawber et al.,
these studies often focus on broad populations. HF, as a complex syndrome with diverse causes
and clinical characteristics, presents a challenge. Using unsupervised learning to detect subtypes
of HF patients based on pulse wave signals can provide valuable support for clinical stratification
and personalized treatment. However, achieving this in such a complex context remains a

significant challenge.

1.3 Objectives

Building on the aforementioned research background, this study gathered pulse wave signals
and in-hospital clinical information from 380 HF patients. The research objectives are divided into
the following three parts:

(1) Subgroup detection and pulse waveform importance ratio analysis in HF patients:
e K-means++ algorithm was used to cluster the pulse wave time series of HF patients,
aiming to detect different subgroups.
e Statistical analysis was conducted to explore the clinical significance of differences
in clinical parameters between subgroups.
e Time-frequency features were extracted, and their importance ratios in
distinguishing clinical differences were quantified using a RF classifier.
(2) Identification of LVE in HF patients through classification algorithms:
e HF patients were grouped based on clinical labels, and statistical differences

between groups were verified using Fourier series.
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e Multiple classification algorithms were compared to evaluate their performance.

e A weighted RF model was proposed to effectively classify HF patients with or
without LVE.

(3) Prediction of left ventricular end-diastolic diameter index (LVDdI) in HF patients:

e LVDdI was selected as a key indicator for the quantitative prediction of LVE.

e A regression algorithm based on densely connected convolutional networks was
proposed to directly predict the LVDdI.

e The performance of classification and regression algorithms in predicting LVE was

compared.

1.4 Thesis contents

The content of this thesis is outlined as follows:

e Chapter I: a brief introduction to CVDs and Al methods, presenting the research objectives
of this thesis.

e Chapter II: a study on detecting subgroups of HF patients through pulse wave signals using
unsupervised learning and evaluating the importance ratio of pulse wave time-frequency
features.

e Chapter IlI: a study on identifying LVE in HF patients through pulse wave signals using
classification algorithms.

e Chapter IV: a study on quantitatively predicting left ventricular end-diastolic diameter
index using pulse wave signals and regression models.

e Chapter V: a summary of this study and perspectives extending beyond the scope of this
thesis.
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Chapter 11

Pulse Wave Time Series Unsupervised Clustering with

Importance Ratios for HF Subgroup Detection
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2.1 Introduction

Heart failure (HF) is a severe cardiovascular condition that represents a significant global
public health threat, with its prevalence and mortality rates continuing to rise [5S0-52]. As 0of 2017,
an estimated 64.3 million individuals worldwide were affected by HF, with over 8 million new
cases diagnosed annually [53,54]. Therefore, condition monitoring and deterioration prediction of
HF patients are clinically significant.

Pulse wave, a carrier of cardiovascular information, serves as a crucial physiological signal
for assessing cardiovascular health, enabling the calculation of parameters like heart rate (HR),
pulse wave velocity, and blood pressure; moreover, its waveforms, which exhibit strong
correlations with early arterial pathologies such as atherosclerosis and endothelial dysfunction, are
utilized for diverse preliminary cardiovascular assessments—including blood pressure estimation
[55-57], diabetes mellitus detection [58,59], and vascular ageing assessment [60—63]. Given the
non-invasive and cost-effective nature of pulse waveform acquisition that integrates pulse
monitoring, flexible sensing, and the Internet of Medical Things, it is positioned at the forefront of
CVD prevention and diagnosis [64]. However, due to pulse waves varying significantly across
individuals and pathologies, as well as with age, blood pressure, and conditions like arrhythmias
and coronary artery disease, there is a necessity to develop methods to analyze pulse waveforms
accurately. ML methods, for their powerful feature extraction capabilities, have prompted the
adoption of pulse waves-based quantitative and qualitative analysis on CVDs. For instance, Tigges
et al. [65], by manually extracting features in conjunction with ML and DL (DL) methods,
classified distinct pulse waveforms into the following four categories proposed by Dawber et al.
[66]: 1) Class I: A clear incisura is marked on the descending slope of the pulse wave. 2) Class II:
An incisura does not form, but the descending line transitions to a horizontal trajectory. 3) Class
III: A notch is absent, but a distinct alteration in the descent angle is evident. 4) Class IV: No
indication of a notch is observed. Li et al. further investigated the potential of convolutional neural
networks for pulse waveform classification and implemented a DL mapping from pulse waveforms
to different CVD risk factor categories, including hypertension, hyperlipidemia, atherosclerosis,
and type 2 diabetes [44]. Additionally, our previous research has demonstrated that ML models,
such as fully connected networks and Dense Net, are highly effective in accurately predicting

various cardiac function parameters, identifying left ventricular dilation, conducting
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comprehensive quantitative analyses of cardiac function status in both patients with CVD and
healthy individuals, and assessing the cardiac blood supply capacity in HF patients [67-69].

Despite the success of these ML-based classification and regression studies in pulse wave
feature extraction and risk prediction, they typically rely on predefined clinical labels. However,
obtaining high-quality and consistent clinical labels is challenging and often depends on the
judgment of medical personnel. When dealing with patients with multiple comorbidities, such as
those with HF, studies often focus on data from patients with a single disease label to ensure the
accuracy of detection tasks. This approach requires large datasets and overlooks the interactions
between multiple diseases, limiting the model's applicability in complex clinical scenarios. To
overcome these limitations, we turned to cluster analysis [70,71], an unsupervised learning method
that does not depend on predefined category labels. Cluster analysis can identify unknown clinical
subgroups with distinct characteristics, making it particularly suitable for complex clinical cases.
This method helps us develop more precise and differentiated treatment and management
strategies for different patient subgroups, thereby improving treatment outcomes and management
quality. Currently, Zanelli et al. have used unsupervised clustering (ML method without using
predefined labels or categories) to categorize digital volume pulse waveforms and investigate their
correlation with clinical data, demonstrating how different clustering methods can reveal
associations between pulse waveforms and clinical characteristics such as age and pulse transit
time [72]. Garmaev et al. demonstrated a clustering analysis method based on the time parameters
of pulse signals, classifying the pulse signals of healthy young individuals into two, three, and four
categories to analyze significant differences between them [73]. This method can accurately assess
cardiac cycle time parameters and aid in creating decision support systems for recording and
analyzing cardiac signals. Although previous studies on pulse wave clustering have made
significant progress, they typically focus on broader populations and rarely specifically target HF
patients. Additionally, while these studies have interpreted the clinical significance of the clusters,
they have not clearly elucidated how pulse wave morphology features influence clustering
outcomes.

Given the limitations, our study is the first to perform pulse wave clustering analysis
specifically on HF patients to identify potential subgroups with significant clinical characteristics.
We not only explored the key morphological features of pulse waves in these HF patient subgroups

but also quantified the importance ratios (IR) of these features to better understand their role in
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subgroup identification. As shown in Fig. 2-1, we collected pulse wave time series data from 380
HF patients, applied the K-means++ algorithm for clustering, and evaluated the clustering
performance as well as the clinical differences between clusters. Subsequently, we extracted the
time-frequency features of the pulse waves and quantified their IRs using an RF model. This
approach enabled us to identify potential subgroups with impaired cardiac function and to provide
clinical recommendations on which pulse wave features to focus on during the diagnosis and
monitoring of HF patients, thereby enhancing personalized management of HF, improving patient

outcomes, and reducing hospitalization rates and enhancing quality of life.
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Fig. 2-1 Flowchart of pulse wave cluster analysis and feature importance ratio evaluation in HF

patients.

2.2 Methods

2.2.1 Clinical data

The data collection encompassed unprocessed extremity wave signals along with clinical,
physiological, and pathological information from 380 HF patients, in accordance with the

Framingham HF diagnostic criteria [74]. This cohort originated from patient admissions at Chiba
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University Hospital between January 2019 and December 2022. Following stabilization from acute
HF episodes, measurements of pulse waves and blood pressure were conducted using Omron
203RPEIIl apparatus, as shown in Fig. 2-2. Additionally, transthoracic echocardiography
employing a Vivid E9 system (GE Healthcare, Horten, Norway) was performed within a week of

the pulse wave assessments.

- 7 i | .
= 7 Ankle Cuffs i A R —
‘ Eﬂ;ﬁti_
Omron  203RPEINT

Fig. 2-2 Schematic diagram of limb blood pressure pulse detection device and clinical report. The

device shown is an Omron 203RPEIII, which is connected to the cuffs placed on the patient's limbs.
On the right, the clinical report displays pulse waveforms, heart rate, and various blood pressure
measurements, including systolic and diastolic pressures at different limb locations. The diagram
also presents analysis results such as pulse wave velocity (baPWV) and ankle-brachial index (ABI),

providing a comprehensive overview of the patient's cardiovascular health.

Table 2-1 details the clinical characteristics of the included patients. Body mass index is
calculated using the formula BMI = weight / height?, indicating a person's weight relative to their
height. The heart rate is obtained by measuring the number of heart beats per minute, typically
using an electrocardiogram (ECG) or a fingertip pulse oximeter. Systolic blood pressure and
diastolic blood pressure are measured with a blood pressure monitor, with the former indicating
arterial pressure during heart contraction and the latter during heart relaxation. N-terminal pro B-

type natriuretic peptide (NTproBNP) and B-type natriuretic peptide (BNP) are cardiac biomarkers
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measured through blood tests, used to evaluate the risk of HF. Left ventricular ejection fraction is
measured by echocardiography or magnetic resonance imaging, representing the percentage of
blood ejected from the left ventricle during each heartbeat. Ejection time is measured via
echocardiography or ECG combined with carotid pulse waveforms, indicating the duration of left

ventricular ejection. These parameters are collectively used to evaluate cardiac and overall health.

Table 2-1: Clinical characteristics of the included patients. Mean, standard deviation, minimum,

and maximum values of the clinical data related to the pulse wave dataset used.

Feature Mean (+ std) Min Max
Age[years] 67 + 16 16 95
Weight[kg] 64 + 20 34 215
Height[cm] 166 £ 73 125 185

BMI [kg/m2] 24+6 14 76.18
HR [beats per minute] 90 + 26 33 188
BPs[mmHg] 129 + 33 71 266
BPd[mmHg] 80 + 22 37 175
NTproBNP [pg/mL] 5691 + 7924 203 45210
BNP [pg/mL] 531 + 772 8.4 8323
LVEF [%)] 39+15 10 72.4
ET [ms] 251+ 39 137 399

Note: std standard deviation, BMI body mass index, HR heart rate, BPs systolic blood pressure,
BPd diastolic blood pressure, BNP B-type natriuretic peptide, NTproBNP N-terminal pro B-type

natriuretic peptide, LVEF left ventricular ejection fraction, ET ejection time.

2.2.2 Time series dataset

The data set used in this study includes pulse wave signals obtained from 380 HF patients.
The pulse wave signals were collected from the left upper arms of the HF patients and subsequently
underwent denoising and normalization processes as described in previous studies [75,76]. Initially,
wavelet transform decomposition was utilized to eliminate noise present in the signals [77]. To

avert distortion of the pulse wave signals, the number of sampling points for each pulse wave cycle
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was standardized to 100, in adherence to the Nyquist theorem and the actual sampling frequency
[78,79]. Given that our research focuses on variations in the model, we normalized the amplitude

of the pulse wave within each cycle to a range from 0 to 100, constructing a time series dataset.

2.2.3 t-SNE dimensionality reduction

A nonlinear dimensionality reduction method known as t-distributed stochastic neighbor
embedding (t-SNE) was used to visualize the clustering results [80,81]. T-SNE is commonly
utilized to depict high-dimensional data by projecting the distribution of data points from high-
dimensional space to a low-dimensional space, making the clustering structure of the data more
intuitively observable [82,83]. Specifically, the method models the data points in high-dimensional
space using a probability distribution, where the distances between neighboring points are
converted into conditional probabilities to reflect their similarity. Then, t-SNE finds a matching
probability distribution into a lower-dimensional space and optimizes this matching process to
generate a low-dimensional representation that preserves both the global and local structures of
the original data [84]. Through this process, t-SNE effectively captures the complex structure
within high-dimensional data, ensuring that the data points displayed in low-dimensional space
retain their relative distribution and neighborhood relationships from the original dataset, thus

providing a powerful tool for interpreting and analyzing clustering results.

2.2.4 Clustering algorithm

The K-means++ algorithm was employed to facilitate the clustering of pulse waves. The K-
means++ algorithm represents an enhancement of the traditional K-means algorithm, introduced
by David Arthur in 2006 [85-87]. It improves both the efficiency and clustering accuracy of K-
means by strategically selecting initial centroids. As illustrated in Fig. 2-2, the algorithm begins
by randomly selecting the first centroid from the dataset. Thereafter, it calculates the distance
between each data point and the nearest selected centroid, using these distances to probabilistically
choose additional centroids, with a preference for points farther from the existing centroids. This
methodical selection of initial centroids is pivotal in enhancing the overall clustering quality. The
process is repeated until k centroids (corresponding to the specified number of clusters) are chosen.

Following this, the standard K-means algorithm is applied, where data points are assigned to the
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nearest centroid, and centroids are iteratively updated to minimize within-cluster variance. The
algorithm continues to iterate, refining the centroid positions, until convergence is achieved,

indicated by the stabilization of centroid locations.
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Fig. 2-2 K-means++ clustering algorithm process flowchart.

2.2.5 Clustering performance evaluation

We evaluated the clustering performance by calculating the Silhouette coefficient, Calinski-

Harabasz (CH) index, and Davies-Bouldin (DB) index. The silhouette coefficient [88] is calculated
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by considering the mean intra-cluster distance a and the distance b between a sample and the
nearest cluster to which the sample does not belong. The formula for calculating the silhouette
coefficient is as follows:

(b—a)
o max(a,b)

1)

The CH Index [89], also known as the Variance Ratio Criterion, evaluates the dispersion of
clusters. It represents the ratio of between-cluster dispersion to within-cluster dispersion. A higher

value indicates better-defined clusters. It is calculated as follows:
CH=—X— 2

Where: CH is the CH index; Bk is the between-cluster dispersion matrix; Wy is the within-

cluster dispersion matrix; N is the total number of data points; k is the number of clusters.

The DB Index [90] evaluates the average similarity of each cluster relative to its closest

neighboring cluster. A lower value indicates better clustering. It is calculated as follows:

_1vk Sit+$)
DB = —¥i-, T?j}( " ) 3)

Where: DB is the DB index; S; the average distance of all points in cluster i to the centroid of

cluster i; S; the average distance of all points in cluster j to the centroid of cluster j; M;; is the

Si+S]

distance between the centroids of clusters i and max ( ) identifies the cluster j that maximizes

j#i ij

the ratio for each cluster 1; k£ is the number of clusters.

2.2.6 Clinical relevance analysis of the obtained clusters

We first calculated the meaning clinical characteristics of each cluster to compare the
differences between them. Then, we used a t-test to evaluate whether the differences in clinical
parameters between clusters were statistically significant. The t-test is a widely utilized statistical
technique for comparing whether there is a significant difference between the averages of two

independent samples. The formula for the independent samples t-test is as follows:
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tzﬂ (4)

Using this method, we can determine whether the differences in key clinical characteristics
across clusters are significant enough, thereby revealing potential clinical stratifications between
the groups. To determine if a significant difference exists between the two groups, we typically
rely on the p-value obtained from the t-test results. The p-value represents the probability of
observing the current data under the assumption that no difference exists between the two groups.
If the p-value falls below the predefined significance threshold (typically 0.05) [91,92], we
consider the difference statistically significant. This indicates that there is a meaningful difference
between the two groups, indicating that the observed variations in clinical characteristics are not
due to random factors but may reflect distinct clinical conditions. Through this analysis, we can
identify which clinical characteristics exhibit statistically significant differences across the clusters,
providing further insights into the clinical distinctions of these subgroups and supporting future

clinical research or personalized treatment.

2.2.7 Importance ratio of time-frequency features

To systematically evaluate the importance ratios (IRs) of different pulse wave features in the
clustering model, we first extracted a range of key time-domain and frequency-domain features to
comprehensively capture various aspects of the pulse wave signals. In the time domain, the
extracted features included mean, peak value, peak count, skewness, kurtosis, upstroke time, and
downstroke time, which help describe the overall shape and trends of the signal over time [93]. In
the frequency domain, the selected features comprise dominant frequency, mean power spectral
density, frequency center, spectral entropy, and total harmonic distortion, primarily reflecting the

energy distribution and complexity of the signal in the frequency dimension [94,95].

Next, to quantify the contribution of these features in distinguishing between different groups
within the clustering model, we employed an RF classifier as the primary analysis tool. RF is
capable of capturing feature importance by constructing multiple decision trees, offering both
robustness and accuracy. In our experiment, we set the model to use 100 estimators (decision trees)
and introduced a random seed to guarantee the consistency of the results. This process allowed us

to reliably assess the weight of each time-domain and frequency-domain feature in the model’s
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decision-making process, helping us identify which features had the greatest impact on the

clustering.

Furthermore, to enhance the intuitive understanding of the model’s decision-making process,
we selected and visualized a single decision tree from the RF model. This decision tree clearly
illustrates how the model makes branching decisions based on various features, highlighting the
key role certain features play in distinguishing between different clusters. This visualization helps
explain the underlying decision logic of the model, simplifying the understanding of potential
applications of pulse wave signal features in clinical stratification management. As shown in
Figure 2-3, the decision path and the importance of each feature are displayed. This approach
enables a deeper analysis of the role pulse wave features play in different clinical scenarios,

providing a valuable reference for future personalized treatment and diagnosis.

This decision tree demonstrates the clustering classification based on various pulse wave
parameters. The root node starts with "peak count,"” where binary decisions are made to split the
samples. As the tree branches out, the samples are progressively split by thresholds on spectral

nn

features such as "upstroke time," "downstroke time," "frequency center," "mean psd," and
"skewness." Each node in the tree corresponds to a decision made using a single feature. The node
color indicates the predicted cluster (blue for Cluster 0, orange for Cluster 1), and the color depth
is related to the purity of the node, with deeper colors indicating more confident classifications.
Each node provides the Gini index (a measure of impurity), the number of samples classified at
that node, and the distribution between the two clusters (Cluster 0 and Cluster 1). By following the
decision path from the root down to the leaves, one can observe how each feature contributes to

classifying the data into the two clusters.
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Fig. 2-3 Visualization of a single decision tree in the RF model: the key role of pulse wave features

in the clustering model decision pathway.

2.3 Results

2.3.1 Clustering performance evaluation

We used the silhouette coefficient to determine the optimal number of clusters. When the
number of clusters is two, we obtained cluster 0 and cluster 1. The silhouette coefficient for
clustering based on time series is 0.74, indicating this is the optimal value. We believe that optimal
clustering with fewer clusters is due to our dataset consisting only of HF patients with similar

characteristics. This allows for a more refined differentiation of the pulse waveforms.

28



Dissertation, Chiba University

t-SNE 2

From Fig. 2-4, it is evident that the boundaries between Cluster 0 and Cluster 1 are clear and
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Fig. 2-4 T-SNE visualization of clustering approaches. Purple dots represent Cluster 0, and yellow
dots represent Cluster 1. Each point represents a high-dimensional data point in a two-dimensional
space. The t-SNE1 and t-SNE2 axes represent the two main directions after dimensionality

reduction, with the values indicating the relative positions and distances between the data points.

well-separated. To quantitatively evaluate the clustering effectiveness, we calculated the Silhouette
coefficient, CH index, and DB index, as shown in Table 3. The Silhouette coefficient is 0.74, which
is close to 1, signifying that the data points are effectively grouped within the clusters and clearly
separated between clusters, suggesting an ideal clustering effect. The CH index is 585, indicating
tight cohesion within clusters. The DB index is low at 0.75, further indicating low dispersion within
clusters and high separation between clusters. These indices demonstrate that our clustering

performance is high and reasonable. However, further analysis with clinical parameters is needed
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2.3.2 Clinical relevance analysis of the obtained clusters

We calculated the mean and standard deviation of clinical characteristics for Cluster 0 and
Cluster 1, followed by performing t-tests to assess statistical significance, as illustrated in Table 2-
2. The t-test results demonstrated significant differences in age, HR, and ET between Cluster 0 and
Cluster 1. Cluster 0 exhibited a lower proportion of elderly patients but a higher proportion of
patients with elevated HRs and shorter ETs compared to Cluster 1.

To further visualize and analyze the differences in clinical characteristics between the two
clusters, we plotted histograms of the distributions of HR, and ET for Cluster 0 and Cluster 1, as
depicted in Fig. 2-5. Specifically, Fig. 2-5(a) shows that Cluster 0 has a wider age range and a
more heterogeneous age composition, with an overall mean age lower than that of Cluster 1, where
the ages of patients are concentrated between 70 and 90 years. The proportion of elderly patients
(aged over 70 years) in Cluster 0 is 47%, compared to 57% in Cluster 1. Despite the higher
proportion of elderly patients in Cluster 1, it has significantly fewer patients with high HRs
compared to Cluster 0. As shown in Fig. 2-5(b), the proportion of patients with tachycardia (HR >
100 bpm) in Cluster 0 is 34%, compared to 23% in Cluster 1. Tachycardia in HF patients is
associated with poorer prognosis [96,97], suggesting that despite the older age of Cluster 1 patients,
their cardiac function is more stable. Furthermore, as shown in Fig. 2-5(c), the proportion of
patients with ET less than 250 milliseconds in Cluster 0 is 54%, significantly higher than the 46%

in Cluster 1, further indicating that the cardiac ejection efficiency of Cluster 1 patients is superior.
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Fig. 2-5 Histogram and boxplot for clusters 0 and 1. (a) Age (b) HR (c) ET. Each parameter is
presented with a histogram (left) and a boxplot (right). The histograms display the frequency

distribution, while the boxplots indicate the median, interquartile range, and outliers.

Table 2-2: t-test of clinical relevance for clustering results based on time series.

Feature Cluster 0 Cluster 1 p
Mean (+ std) Mean (+ std)

Age [years] 65+ 17 70+ 16 0.004 < 0.05
Weight [kg] 66 + 19 63+ 20 0.156
Height [cm] 163 £ 10 162 £ 10 0.714

BMI [kg/m2] 2516 24 £ 7 0.159

HR [beats per minute] 92 + 27 87+25 0.039<0.05
BPs [mmHg] 129 + 34 130 + 33 0.610

BPq [mmHg] 81+23 80 + 22 0.553
NTproBNP [pg/mL] 5332 + 8065 6050 + 7835 0.644

BNP [pg/mL] 514 +728 547 + 817 0.727

LVEF [%] 38+15 39+15 0.618

ET [ms] 247 £ 39 356 + 39 0.049 < 0.05

These findings challenge the traditional perspective that older HF patients inherently have
poorer prognoses. They underscore the transformative potential of time-series clustering analysis
in clinical management. Our study demonstrates that detailed clustering analysis can identify
subgroups of elderly patients with comparatively stable cardiac function, thereby providing new
avenues for personalized treatment and prognosis optimization. This methodological approach
emphasizes the critical importance of exploring latent pulse wave patterns without relying on
predefined labels. Consequently, it offers more precise and individualized strategies for clinical
management and prognostic evaluation of HF patients, enhancing patient outcomes and advancing

the field of cardiology.

2.3.3 Importance ratio of time-frequency features

Based on the analysis presented, we identified two distinct subgroups within the HF patient

population: Cluster 0 was characterized by fewer elderly patients, higher HR, and shorter ET,
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compared to Cluster 1. To further elucidate the pulse wave features contributing to the

differentiation of HF patients, we extracted time-frequency features from the pulse wave signals,

as illustrated in Fig. 2-6 and Table 2-3.

Table 2-3: Mean and t-test results of time-frequency features for clusters.

Features Cluster 0 Cluster 1 p

Mean 45+ 6 50+4 <0.001

Peak value 94+ 11 95+5 0.172

Peak count 1.40 £0.58 1.26 £0.52 0.013
Skewness 0.24+0.23 0.01 £0.22 <0.001

Kurtosis -1.04 +0.24 -1.11+0.17 0.001
Upstroke time 20+3 27+5 <0.001
Downstroke time 78+3 72+5 <0.001

Mean psd 3.30+0.43 3.40+0.30 0.069

Frequency center 12+3 11+£3 0.156
Spectral entropy 2.12+0.17 1.93+0.14 <0.001
THD 0.58 £0.17 0.46+£0.12 <0.001

Note: Mean psd means power spectral density, THD total harmonic distortion.
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Fig. 2-6 Centroid waveforms and selected features of the Clusters. p0 and p1 represent the peak
values of centroid waveforms 0 and 1, respectively. tO and t1 represent the upstroke times of
centroid waveform O and centroid waveform 1, respectively, while tt0 and tt1 represent the

downstroke times of centroid waveform 0 and centroid waveform 1, respectively.

Figure 2-6 illustrates the centroid waveforms for Cluster 0 and Cluster 1. The centroid
waveform, calculated as the meaning of all waveforms in the cluster at each time point, effectively
encapsulates the predominant characteristics of each cluster. Distinct differences in pulse wave
morphology, including mean, peak count, upstroke time, downstroke time, and skewness, are
evident between the centroid waveforms of the two clusters. To rigorously quantify these
differences, we conducted t-tests on the time-frequency features of the pulse waves. As detailed in
Table 2-3, statistically significant differences were observed in mean, peak count, skewness,
kurtosis, upstroke time, downstroke time, spectral entropy, and total harmonic distortion between
the clusters, with p-values less than 0.05. To further elucidate these distinctions, we present
boxplots of these eight parameters, highlighting the significant divergence between the clusters, as

shown in Fig. 2-7.
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Fig. 2-7 Boxplots of key pulse wave features across clusters. Comparison of key pulse wave
parameters between clusters 0 and 1. The boxplots illustrate differences in various pulse wave
parameters for two distinct clusters, labeled as 0 (blue) and 1 (red). The central line in each box
represents the median, while the boxes show the interquartile range, with whiskers extending to
1.5 times the interquartile range. Outliers are displayed as points outside this range, highlighting

the variations in pulse wave characteristics between the two clusters.

We further quantified the relative importance of these pulse wave features using a RF classifier,
calculating IR that indicates their contributions to the HF patient clustering model, as shown in
Fig. 2-8. Upstroke time, mean, downstroke time, and skewness emerged as the four most critical
features, with IRs of 20.8%, 18.7%, 17.1%, and 10.1%, respectively. This highlights their crucial
role in distinguishing between HF patient clusters. It is recommended that clinicians pay particular
attention to these differences in pulse wave features when monitoring and managing HF patients.
As stated above, we found that upstroke time was the most important feature, explaining why
Cluster 0 and Cluster 1 show significant differences in HR and ET. Cluster 0 exhibited significantly
shorter upstroke times and longer downstroke times compared to Cluster 1, characteristics
typically associated with higher HR and lower ET. This consistency with our clustering results

further validates the rationale behind our findings.
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Fig. 2-8 Importance ratios of time-frequency features of pulse waves in clustering model. This
horizontal bar chart shows the contribution of various features, with each bar representing a

specific feature's percentage contribution to the overall model or analysis.

2.4 Discussion

In this study, we proposed a ML strategy that integrates unsupervised learning, pulse wave
signal analysis, and feature importance evaluation. By employing the K-means++ algorithm, we
conducted unsupervised clustering of pulse wave time series in HF patients to explore the clinical
characteristic differences between clusters. Our results identified two distinct patient subgroups,
with significant differences in age, HR, and ET. Additionally, for the first time, we introduced the
concept of IR to perform an in-depth analysis of the time-frequency characteristics of pulse waves
within the clustering model. These innovative approaches offer significant understanding of the
stratification of HF patients and the potential for more personalized and precise management

strategies.
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Accurate diagnosis and effective treatment are crucial for improving the quality of life and
prognosis of HF patients. Advanced feature extraction techniques, such as Al-driven analysis of
clinical signals like pulse waveforms, have become the mainstream for predicting cardiovascular
health. This study utilized the K-means++ unsupervised clustering algorithm to successfully
classify the pulse wave time series of HF patients into two distinct subgroups with significant
clinical differences. These subgroups exhibited marked variations in key clinical indicators such
as age, heart HR, and ET. Specifically, 47% of patients in Cluster 0 were elderly, 34% had
tachycardia, and 54% exhibited low ET; whereas in Cluster 1, 57% of the patients were elderly,
23% had tachycardia, and 46% had low ET. Notably, our study not only confirmed the age
differences between subgroups consistent with the findings of Yousef et al. [98], Alty et al.[99],
and Brillante et al. [100], but also, for the first time, revealed significant differences in HR and ET
across these subgroups. Importantly, our findings challenge the traditional notion that elderly
patients necessarily suffer from significantly deteriorated cardiac function. Instead, our research
suggests that in HF patients, a higher age does not necessarily correlate with tachycardia and low
ET. The successful identification of these two subgroups further validates the potential of pulse
wave time series in identifying HF patient subgroups, optimizing management strategies, and
enabling personalized monitoring. The choice of unsupervised learning methods was driven by the
need to overcome the inherent limitations of traditional supervised learning approaches, which
heavily depend on predefined labels, limiting their ability to handle data from patients with
multiple comorbidities and reducing the dataset size. Through unsupervised learning, we were able
to uncover deeper patterns in pulse waveforms, revealing latent characteristics within the HF
patient population, thereby achieving more accurate patient stratification. Our study not only
achieved exceptional clustering performance (Silhouette coefficient: 0.74; CH index: 585; DB
index: 0.75), but also provided innovative methodological guidance for clinicians, enabling more
efficient resource allocation in personalized medical management, reducing unnecessary waste,

and improving patient outcomes.

To further elucidate and clarify the key factors involved in identifying HF patient subgroups
through pulse wave analysis, we pioneeringly quantified the Importance Ratios (IR) of time-
frequency features within the clustering model. The results revealed that upstroke time, mean value,
downstroke time, and skewness were the four most influential features, with IRs of 20.8%, 18.7%,

17.1%, and 10.1%, respectively. These features played a crucial role in differentiating the patient
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subgroups and provided valuable insights into underlying pathophysiological differences. Notably,
the upstroke time was the most important key morphological feature in subgroup identification,
which further explains the significant differences in HR and ET observed between Cluster 0 and
Cluster 1. As HR increases, the speed of cardiac contraction accelerates, leading to a shortened
upstroke time [101,102]. Cluster 0 exhibited a significantly shorter upstroke time compared to
Cluster 1, a pattern consistent with the observed characteristics of higher HR and lower ET in
Cluster 0, thereby validating the rationale behind our clustering results. By focusing on these
critical features, clinicians can gain deeper insight into the cardiovascular status of patients,
significantly enhancing the accuracy of HF diagnosis, monitoring, and prognostic evaluation. This
highly targeted approach not only strengthens the scientific basis for HF management but also
improves the precision of personalized prognostic predictions, leading to more favorable clinical
outcomes for patients. Our study not only provides a new perspective on understanding the
complex physiological mechanisms in HF patients but also paves the path for future progress in

precision medicine and tailored treatment approaches.

Despite the significant findings of this study, it is important to acknowledge its limitations and
explore potential directions for future improvements. First, HF is a complex and heterogeneous
syndrome with a wide range of clinical presentations. While our sample is representative, it does
not encompass all types of HF patients, which may limit the generalizability of the results. Future
studies should focus on confirming these results in broader and more varied patient populations to
ensure the broad applicability and robustness of the conclusions. Second, not all patients' data
included complete clinical characteristics (e.g., BNP levels), which may have impacted the
relevance of our analysis. Future studies should place greater emphasis on data completeness,
particularly when incorporating multidimensional clinical data, to improve the precision and
dependability of the analyses. Furthermore, the absence of a healthy control group in this study
may have restricted the scope and depth of the clustering analysis. The lack of a control group
could limit the identification of potential subgroups, thereby affecting our comprehensive
understanding of the intrinsic heterogeneity within the HF patient population. Future studies
should consider including a healthy control group to provide a more comprehensive baseline
reference, thereby enhancing the robustness of the findings. To address these limitations, future
research should not only expand the sample size and diversity but also incorporate long-term

follow-up data to track patient prognosis and risk factors. Such longitudinal studies will provide
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deeper insights into the progression and evolution of HF, offering a scientific basis for optimizing
individualized treatment plans. By identifying high-risk patients and those with poor prognosis
through pulse wave clustering techniques, this approach can make clinical management strategies
more precise, improve the efficiency of resource allocation, and enhance clinical outcomes for HF
patients. This research framework offers new perspectives to drive future progress in precision
medicine and individualized healthcare, laying a robust basis for the advancement and

optimization of clinical practice strategies.

2.5 Conclusion

This study is the first to apply the K-means++ algorithm for unsupervised clustering of pulse
wave time series in HF patients, identifying two patient subgroups and revealing significant
differences in age, HR, and ET between the clusters. Additionally, the study quantified the
importance of pulse wave morphological features. The findings provide preliminary evidence for
stratified management of HF patients using non-invasive and easily accessible pulse wave signals.
Looking ahead, we plan to optimize clustering methods, expand the pulse wave dataset, and
incorporate more relevant clinical information to further explore the hidden patterns in HF patients'
pulse waves, thereby providing precise and personalized management strategies to enhance patient

outcomes and overall quality of life.
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Chapter 111

Identification of Left Ventricular Enlargement in HF

Patients through Classification Algorithms
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3.1 Introduction

In recent years, HF (HF) has become an increasingly significant burden on public health [103—
105], while ventricular structure remodeling has been recognized as a pivotal process in the
development of CVDs, particularly the progression of HF [106,107]. The determinants affecting
the left ventricular remodeling: (I) the intensity, longevity, and quickness of elevation in pressure
burden; (II) the volume load [108]; (III) factors like age, racial/ethnic background, and gender
[109]; (IV) accompanying conditions including coronary artery disease, diabetes, obesity, and
valve-related heart issues [110]; (V) the hormonal environment within the nervous system; (VI)
changes in the extracellular matrix [111]; and (VII) hereditary influences [112]. LVE, commonly
reflecting ventricular remodeling, is strongly linked to symptoms like cardiac dysfunction, HF,
and arrhythmias [113—115]. The increase in left ventricular size due to LVE exerts a severe impact
on the clinical prognosis of patients with mild with or without severe HF [116]. Recent studies
have identified LVE as a precursor to left ventricular dysfunction and clinical HF in asymptomatic
individuals [117,118]. LVE is recognized as a risk factor for both the occurrence and mortality
rates associated with CVDs (CVDs) [119], serving as a critical indicator of cardiac events, closely

associated with deteriorating cardiac function and unfavorable prognosis [120].

LVE provides a crucial marker in cardiac pathology, and accurate evaluation of LVE
facilitates the diagnosis and assessment of heart diseases and enables the prediction of cardiac
events and prognosis, providing valuable guidance for medical treatments and management
strategies. Thus, as illustrated in Fig. 3-1(a), the monitoring and evaluation of LVE are particularly
important from a clinical perspective. Detection of LVE primarily relies on the patient's medical
history and imaging tests, with cardiac magnetic resonance (CMR) often being the most precise
method due to its ability to accurately assess the heart's morphology, size, and position [121-123].
CMR is not routinely available due to its high cost, time-consuming, and magnetic field limitations
for patients with metal implants [124,125]. Consequently, transthoracic echocardiography (TTE),
known for its noninvasive and real-time imaging, is widely regarded as an effective, patient-
friendly method for evaluating and diagnosing cardiac functions [109,126,127]. However, the
accessibility and convenience of TTE are limited due to the requirement for specialized equipment
and skilled operators. This research leverages pulse waves as a key informational conduct within

the cardiovascular system (CVS) to address these limitations and offer a noninvasive, cost-
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effective solution. Building on our previous study, we demonstrate that pulse waves can effectively
infer CVS conditions and aid in diagnosing CVDs [128]. By exploring the use of pulse waveforms,
this research identifies them as a promising tool for rapidly identifying and evaluating LVE (Fig.

3-1(b)).

(@) Improve incidence and
Cardiac mortality rates of CVD
dysfunction
Associated with worsening
cardiac function
Arrhythmias

Adverse prognosis

Heart failure
Risk factor for CVD

o 0 0
’ Patients with LVE

Fig. 3-1 Illustration of (a) LVE and representative symptoms in CVDs, data-driven LVE detection,
and (b) ML-based strategy for predicting LVE using pulse-wave signals.

The physiological signal of pulse waves has been extensively utilized for health monitoring
and CVD prediction [129—-132]. Pulse waves contain valuable information on both physiological
and pathological states of the human CVS while providing crucial physiological data related to
blood delivery capacity and transport efficiency [128,133,134]. Non-invasive measurements of
pulse wave signals can now be easily implemented using a range of affordable household
electronic devices, providing helpful information for the low-cost and patient-friendly diagnosis
of CVDs and relevant complications [135]. Recently, ML and DL methodologies have been
employed for the analysis of pulse wave signals, demonstrating high potential and feasibility in

terms of pulse-wave pattern classification and cardiac function prediction [57,136—138]. Wang et
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al. successfully classified 407 datasets of pulse waveforms into five patterns by developing a
Bayesian network based on six pulse-waveform parameters of depth, width, length, frequency,
rhythm, and intensity, achieving classification with a success rate of 84% [139]. Xu et al. classified
320 datasets of pulse waveforms into 16 distinct patterns through a fuzzy neural network,
identifying variations in pulse shape, width, position, and particular localized parameters, enabling
a classification success rate of 90% [135]. Li et al. proposed a CNN model to classify pulse
waveforms associated with five diseases, achieving a success rate of 95%. [140]. More recently,
in our previous study [67], Wang et al. established an optimized ML strategy that enables quick
and precise predictions of three cardiovascular functional parameters based on a pulse wave
database of 412 patients, demonstrating the practicality and promise of ML-driven, pulse wave-
based predictions of cardiac function. In this study, we aim to propose and establish a pulse wave
signal-driven ML-based strategy for identifying and evaluating LVE in HF patients and to provide
a clinically effective, patient-friendly, low-cost, and non-invasive method for early diagnosis and

monitoring of CVDs.

3.2 Methods

Our ML framework consists of four parts: data processing, data screening, Fourier series

calculation, and ML model analysis, as shown in Fig. 3-2:
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Fig. 3-2 Framework of the ML process: (a) Data processing. (b) Data screening. (¢) Fourier series

calculation. (d) ML models.
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3.2.1 Ethics approval

This research received ethical approval from the Ethics Review Board of Chiba University
Graduate School of Medicine in 2021 (Approval Number: M10089). The clinical data collection

and analysis adhered to the applicable standards and rules.

3.2.2 Clinical data

The dataset comprised 264 HF patients, including unprocessed peripheral pulse wave data
along with clinical. HF diagnosis was determined using the Framingham HF diagnostic criteria
[141]. All patients were admitted to Chiba University Hospital between January 2019 and
December 2022. Following stabilization of the acute HF condition, blood pressure and pulse waves
were recorded using dedicated detection devices (Omron 203RPEIII). Additionally, all patients
underwent TTE with the Vivid E9 system (GE Healthcare, Horten, Norway) within a week

preceding or following the pulse wave measurements.

The observed parameters of relevant clinical information were also collected. Cardiovascular
function parameters primarily include parameters related to cardiac pumping function, systolic and
diastolic function, cardiac work, and vascular elasticity. The parameters of pumping function
include cardiac output, stroke volume, stroke index, and ejection fraction. Cardiac output refers to
the total volume of blood ejected by the ventricles in one minute and is an important indicator for
evaluating the effectiveness of the cardiovascular circulatory system. In a resting state, the human
body ejects approximately 4500 to 6000 milliliters of blood per minute [142]. Stroke volume,
which represents the difference between the end-diastolic volume and the end-systolic volume,
can evaluate the contractile ability of the myocardium. In a resting state, stroke volume is about
65 to 70 milliliters. Stroke index refers to the stroke volume per square meter in a resting state,
approximately 40 to 60 milliliters per beat per square meter. Ejection fraction is the percentage of
stroke volume relative to end-diastolic volume and can also assess myocardial contractility. In a

resting state, it is around 55%-65%, with values below 50% considered indicative of HF [143,144].

Parameters of left ventricular systolic function include left ventricular function index, systolic
index, and cardiac systolic function index, which are key parameters for analyzing cardiac systolic

function.
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Left ventricular diastolic function parameters include left ventricular end-diastolic volume and
left ventricular end-diastolic pressure, which describe the volume and pressure within the left

ventricle at the end of diastole. These are critical parameters for analyzing diastolic function.

Cardiac work parameters include left ventricular stroke work, left ventricular minute work,
stroke work index, and cardiac function index. Left ventricular stroke work and minute work refer
to the work done by the ventricle in a single contraction and over one minute, respectively.

Vascular elasticity function parameters include vascular compliance and peripheral resistance.

3.2.3 Pulse waves

Pulse wave signals were collected from the left upper arms of HF patients, followed by
applying denoising and normalization techniques grounded in methodologies from previous
studies [145,146]. First, we utilized wavelet transform decomposition to remove noise from the
signals[147]. Then, to avoid distortion of the pulse wave signals, we set the number of sampling
points for each pulse wave cycle to 100, considering the Nyquist theorem and the actual sampling
frequency[148,149]. Since our study focused on variations in the pulse wave model, we

normalized the pulse wave amplitude within each cycle to a range of 0 to 100.

3.2.4 Datasets

Rigorous data screening was undertaken to ensure data quality. The 264 patients with HF were
confirmed to satisfy the following screening criteria: 1) pulse wave data were obtained from the
left upper arms of the patients; 2) for each patient, five or more accurate and reliable pulse wave
cycles were captured; and 3) LV size, including LV diastolic diameter (LVDd) and LV systolic
diameter (LVSd), was measured by transthoracic echocardiography. Our clinical data were used to
evaluate the LVE of each patient based on the guidelines provided by the American Society of
Echocardiography (ASE) [141]. LVE was defined as LVDd with an index, namely, LVDdI >36

mm/m2 for males and >37 mm/m2 for females[120].

46



Dissertation, Chiba University

Heart failure patients
N=264

h 4

™ : . a
Included patients Excluded EEE
_ (Incomplete case information)
N=242
) L N=22
_ Excluded patients P
Included patients (Patients with other
N=227 Ventricular remodeling)
N=I5
Non-LVE patients® l I Paticnts only with LVEY
N=137 J L N=90

Fig. 3-3 Flow chart of patient screening under screening criteria a, b, ¢, and d: (1) exclusion of 22
subjects with incomplete information ?, (2) exclusion of 97 patients with other cardiac remodeling
®, (3) creation of a non-LVE patient group of 137 Subjects ¢, and (4) creation of an LVE patient
group of 90 Subjects ¢.

The clinical data for 264 patients underwent classification, as depicted in Fig. 3-3. This dataset
excluded 37 patients because of incomplete records. Among the remaining 227 qualified patients,
137 were identified as non-LVE patients, while 90 were diagnosed with LVE. The K-means
clustering algorithm derived characteristic waveforms from these two datasets. These waveforms
were then decomposed into 3rd-order Fourier series to explore the variances between the datasets,

detailed as follows:

F(t) = Ay + A; cos(wt) + B, sin(wt) + A, cos(Qwt) +
B, sin(2wt)+ Az cos(3wt) + B; sin(3wt) (5)
Where Ay is the period-average value, 4;-43 and B;-B; are the 1st-order to 3rd-order Fourier
series coefficients, respectively, ¢ is time, and o is the angular frequency. Independent sample t-

tests were then performed to statistically analyze the difference between the patient datasets with

LVE and non-LVE.
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3.2.5 Machine learning models

In this part, our objective was to address the classification problem between patients with LVE
and non-LVE. We constructed a pulse wave dataset using data from 227 HF patients. The dataset
was split into two subgroups, with roughly 80% allocated to the training dataset and the remaining
20% to the testing dataset. To select an appropriate ML model, we conducted numerous
preliminary experiments to test and compare the predictive performance among different models,
such as the weighted random forest (WRF) model, support vector machine (SVM) model, and
fully convolutional neural network (FCNN) method.

3.2.5.1 SVM model

SVM is a commonly employed supervised learning technique for both classification and
regression tasks [150]. It functions by identifying a separating hyperplane within the feature space
that maximizes the margin between two classes, thus achieving classification. The idea of SVM is
to construct a hyperplane that separates the samples of different classes as effectively as possible,
while maximizing the distance between the hyperplane and the nearest data points from each class,
known as support vectors, to improve the generalization ability of the classifier. In the case of
linearly separable data, SVM can directly find a linear hyperplane, whereas for non-linearly
separable data, SVM employs kernel functions (e.g., linear kernel, radial basis function, etc.) to
transform the data into a higher-dimensional space, where a separating hyperplane can be
identified. SVM excels at handling high-dimensional and small-sample datasets and is extensively

used in areas such as text classification, image recognition, and gene expression data analysis.

3.2.5.2 Fully convolutional neural network

FCNN is a DL model specifically designed for dense prediction tasks, such as image
segmentation and object detection, which require pixel-level predictions. Unlike traditional
Convolutional Neural Networks (CNNs), FCNNs consist entirely of convolutional layers,
eliminating fully connected layers, allowing them to produce outputs matching the spatial
dimensions of the input, as depicted in Fig. 3-4. By using only convolutional layers, FCNNs
maintain the spatial information of the input image, making them highly suitable for pixel-level
tasks. Without fully connected layers, FCNNs is capable of processing input images with varying
dimensions, providing greater flexibility. To recover the resolution lost during convolution and

pooling processes, FCNNs utilize up sampling layers, such as transposed convolution or bilinear
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interpolation, to ensure the output maintains the same spatial dimensions as the input image.
Additionally, FCNNs use skip connections to combine features from different layers, allowing the
fusion of abstract semantic information from deeper layers combined with detailed features from
shallower layers, thereby improving prediction accuracy. FCNNs are widely applied in fields like
semantic segmentation, object detection, medical image analysis, and optical flow estimation,
excelling in pixel-level tasks due to their ability to retain spatial information and support end-to-

end training.

Hidden layers

Input layer
19AeT mding

Fig. 3-4 Schematic Diagram of a FCNN Structure. In this network structure, each neuron in every

layer is connected to all neurons in the previous layer, forming a fully connected architecture.

3.2.5.3 WRF model

The RF algorithm is a powerful an ensemble learning technique that merges the outputs of
several decision trees to perform ML tasks such as classification and regression. Its fundamental
principle involves generating various subsets of the dataset created using bootstrapping, with each
decision tree being independently trained on its own subset. At each decision node, instead of using
all available features, the RF randomly selects a subset of features and chooses the best one for
splitting. This random selection of samples and features improves the model’s generalization
ability, reduces the correlation between decision trees, and effectively minimizes the risk of
overfitting. In classification tasks, the RF algorithm determines the final classification by having

all decision trees vote, and the class with the most votes is determined as the final output. This
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majority voting mechanism ensures high accuracy and robustness in classification tasks. For
regression tasks, the RF generates the final prediction by averaging the outputs of all the decision
trees, ensuring stability and precision in predicting continuous variables. One of the key
advantages of the RF algorithm is its ability to effectively reduce overfitting. By aggregating the
decisions of multiple trees, it avoids the issue where a single decision tree might perform
effectively on the training set but fails to generalize well to the test set. Additionally, RF handles
high-dimensional data well. By randomly selecting features at each split, it reduces the
computational complexity associated with processing large feature sets while maintaining

sensitivity to the most important features.

Dataset
onn
Decision Tree-1 Decision Tree-2 Decision Tree-N
Result-1 Result-2 Result-N

\—b Majority Voting/Averaging <—|

Final result

Fig. 3-5 Schematic Diagram of a RF Structure. The diagram shows the basic workflow of the RF
model. A RF is composed of multiple decision trees, each of which is independently trained on the
input dataset. The final prediction result is generated by combining the outputs of each decision

tree through majority voting or averaging methods.

Due to the imbalance in the data from the two groups of patients, we employed the WRF

method, where different weights were assigned to the two groups during the training process. We
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utilized the class weight parameter of the RF classifier from the scikit-learn library to adjust the
weights based on the class distribution, aiming to improve the performance of the minority class.
We extensively investigated various weight settings and substantially determined weight
parameters of 1 and 4 for non-LVE and LVE patients, respectively. To reduce the likelihood of
overfitting, we used 5-fold cross-validation and recorded the average scores to evaluate the model's

performance more accurately.

3.2.6 Performance evaluation

The performance of the weighted RF-based classification model was evaluated with standard

classification metrics of accuracy, recall, F1 score, and AUC-ROC [151-153], as defined below.

TP+TN
Accuracy = (0)
TP+PN+FP+FN
TP
Recal = (7)
TP+FN
.. TP
Precision = ®
TP+FP
2 PrecisionXRecall
F1 score = 9)

Precision+Recall

Here, TP and TN represent the total count of correctly detected positive and negative events,

while FP and FN denote the total count of erroneously detected positive and negative events.

To assess the model's discrimination capability for the two datasets, we employed ROC
analysis to derive the AUC. From the plots of the false-positive rate (FPR) on the x-axis and the
true positive rate (TPR) on the y-axis, the ROC curve was obtained to calculate the AUC. TPR and

FPR are given as follows:

TP

TPR = (10)
TP+FN

FPR = —2£ (11
FP+TN

The confusion matrix was further visualized to assess the model performance regarding the

training and testing datasets.
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3.3 Results

3.3.1 Fourier series calculation

Through data screening and pre-processing, we successfully generated two high-quality pulse
wave data sets specifically tailored to LVE and non-LVE patients. As shown in Fig. 3-6, the
representative waveforms of the two groups obtained based on K-means clustering show
noticeable differences. Harmonic power decomposition (Fig. 3-7) was performed using the 1st to
3rd order Fourier coefficients to examine how the harmonics contribute differently to the
waveforms of the two groups. The pulse waveform in LVE is mainly dominated by the 1st order
Fourier coefficient, but less by the 2nd order: the LVE group has a significantly higher power, but
a slightly lower power than the non-LVE group, and there is rarely a discrepancy in the 3rd order.
This implies that the LVE-induced irregular movement of the LV exerts an essential impact by the

Ist order on dominating the feature of the pulse waves.

We further analyzed the harmonic frequency dependency of the two pulse wave datasets
through independent sample t-tests, summarized in Table 3-1. In the frequency domain, we
observed a significant difference between the 15 and 2"-order harmonics (p < 0.05), while the
influence of the 3rd-order harmonic was a margin (p > 0.05). This indicates that the datasets of the
LVE and non-LVE groups are primarily affected by the 1st- and 2nd-order harmonics, while there
is a notable frequency domain distinction between them. This provides further evidence of the
validity associated with the dataset creation and an available guideline for data selection in
subsequent classification and regression tasks, substantially enhancing the accuracy of pulse wave-

driven identification of LVE.
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Fig. 3-6 Comparison of representative pulse waveforms associated with LVE and non-LVE

patients. Normalized amplitudes vs. normalized sample points.
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Fig. 3-7 Comparison of representative pulse waveforms associated with LVE and non-LVE

patients. Harmonic powers vs. harmonic order.

Table 3-1: t-tests on the 1st-, 2nd-, and 3rd-order harmonics

Harmonic order Non-LVE LVE p
1 3.11+0.65 2.9240.74 0.048
2 0.61+0.21 0.69+0.35 0.027
3 0.13+0.10 0.12+0.09 0.363

Note: Data are presented as the mean + SD; p values were calculated using the independent

samples t-test, where p<0.05 represents significant differences.
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3.3.2 Classification model

For a classification model performance test, the accuracy results of three models (WRF, SVM,
and FCNN) are compared in Table 3-2. The WRF model shows the best classification performance
with an accuracy of 91%: its specific classification metrics, as summarized in Table 3-3, for the
LVE and non-LVE groups achieve an overall accuracy of 0.91, which is a remarkably high-
accuracy classification, while the non-LVE group presents a slightly better performance (accuracy
0=0.93, recall H1 =0.93, F1-score = 0.93) compared to the LVE group (accuracy 1 =0.89, recall
H2 =0.89, Fl-score = 0.89). This indicates that the current WRF classification model can achieve
high prediction precisions with high recalls and F1 scores in identifying and predicting the most

positive samples.

Table 3-2: Comparison of classification accuracy among the three methods.

ML-models Number Accuracy
WRF 227 0.91
SVM 227 0.81

FCNN 227 0.77

Table 3-3: Classification performance of the WRF model.

Precision Recall F1-score Support
Non-LVE 0.93 0.93 0.93 29
LVE 0.89 0.89 0.89 17
Accuracy 0.91 46

The classification performance was further visualized using the confusion matrix, which, as
shown in Fig. 3-8, was employed to illustrate the classification outcomes of the LVE and non-LVE
groups. While 2 out of 17 in the LVE group and 2 out of 29 in the non-LVE group were

misclassified, the classification model overall demonstrated a capability to achieve the high-
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accuracy prediction of 93% for the non-LVE group and 88% for 5 LVE patients, even for the
limited number of patients. To assess the sensitivity and specificity of the classification model, we
plotted the ROC curves in Fig. 3-9, where a scalar metric of the AUC was employed at an AUC
of 0.93 for the WRF model. The results indicate that the current classification model enables
excellent differentiation between the LVE and non-LVE groups in up to 93% of cases compared

to the perfect case of AUC=1.

LVE

True Label

27

non-LVE

LVE non-LVE
Predicted Label

Fig. 3-8 Confusion matrices of classification model.
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Fig. 3-9 ROC curve of classification model, AUC=0.93.

3.4 Discussion

LVE plays a pivotal role in the clinical evaluation of HF. In this study, we demonstrate that

employing pulse wave signals combined with advanced ML techniques can provide a promising

avenue for quantitative identification with LVE and non-LVE in HF patients.

Based on a high-quality pulse wave dataset consisting of 264 HF patients from both LVE and
non-LVE groups, we proposed and implemented an ML-based classification strategy, utilizing a
WRF model to classify patients with LVE. To assess the accuracy of the model, we compared the
classification results with clinical labels. The findings demonstrated that the model eftectively and
accurately detected LVE in HF patients. The established WRF model significantly distinguished

between the LVE and non-LVE groups, achieving a classification accuracy of up to 93%. These
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findings indicate that the proposed classification strategy has strong feasibility and application
potential, showcasing the superior performance of ML-driven approaches in LVE classification
and identification among HF patients using pulse wave signals. This method provides an effective,
non-invasive, data-driven solution for cardiac health management and holds promise for future use

in clinical diagnostics and personalized treatment.

From a clinical perspective, the current pulse wave-driven, ML-based identification
methodology can provide a noninvasive and low-cost tool for evaluating and diagnosing LVE in
HF patients. As a noninvasive, real-time cardiac imaging technique to detect LVE, transthoracic
echocardiography (TTE) is widely utilized. However, it has certain limitations regarding
accessibility and convenience, which may lead to delayed medical treatments. This issue becomes
even more crucial with expensive, high-sensitivity medical equipment such as non-enhanced
multilayer spiral CT [154]. Recently, some attempts to utilize Al methods have been conducted.
Nam et al. [155] developed a way to detect left atrial enlargement (LAE) and LVE on chest X-rays
using DL algorithms, but the results for LVE detection were all p>0.05 compared to those for LAE,
suggesting a need for inclusion of more images. The current ML-based methods demonstrate a
patient-friendly and feasible tool for the first time to effectively differentiate LVE patients from
the LVE and non-LVE groups using pulse wave signals. With the rapid advances in portable
electronics and wearable devices such as smartphones and smartwatches, the noninvasive
measurement of such physiological data has become more convenient and cost-effective. Pulse
waves can thus be utilized for LVE detection, holding immense potential in assisting clinical

management and treatment.

There are limitations in this study in terms of the relatively small sample size of data, the
limited data scope, the singular data source, and a lack of pertinent clinical information. Although
we adopted a rigorous approach in data selection and successfully created a high-quality
classification dataset, the validation based on preliminary experiments still requires further
improvement; data sourced from a single institution may not fully represent the diverse population
of HF patients. Additionally, the lack of healthy subjects and patients with other CVDs may bring
a potential bias, as it fails to encompass the entire HF demographic. To augment the
generalizability of the ML models, there is an urgent need to expand the dataset by including a

more diverse patient cohort. Further improvements in predictive accuracy and robust feasibility of
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the ML-based methodology to meet practical clinical applications may be accomplished by
integrating multiple data sources, such as TTE and clinical biochemical markers, which will be
our future endeavors. More efforts will improve the precision and reliability in training and testing
with larger datasets, amalgamating relevant clinical information, and attempting patient

classification based on LVE severity.

3.5 Conclusion

The ML-based strategy successfully identified the patients with LVE in HF from those without
LVE in HF. The proposed ML methods have been validated to provide effective classification with
outstanding performance in identifying LVE in HF patients. This points to the potential and
superiority of identifying patients with LVE based on pulse waves. Our study thus underscores the
significance of the ML-based methodology for clinical practice, offering a reliable method for

identifying and treating cardiac remodeling.
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Chapter 1V

Prediction of Left Ventricular End-Diastolic Diameter

index in HF Patients
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4.1 Introduction

HF is a common and severe CVD defined by the heart's failure to adequately circulate enough
blood to satisfy the body's demands [156,157]. LVE, particularly the increase in left ventricular
end-diastolic diameter (LVDd), is one of the key indicators of HF progression and is closely
associated with worsening cardiac function. LVE was defined as LVDd indexed (LVDdI) as >36
mm/m? for males and >37 mm/m? for females according to the American Society of
Echocardiography [158]. Monitoring LVDdI provides a quantitative understanding of left
ventricular remodeling, which plays a crucial role in the management and treatment of HF patients.
Accurate and timely prediction of LVDdI can help clinicians make personalized treatment

decisions for patients, thereby improving outcomes and reducing mortality.

In recent years, the non-invasive analysis of physiological signals, such as pulse wave signals,
has gained significant attention in the field of cardiovascular research [159—-161]. Pulse wave
signals convey critical insights into cardiovascular dynamics and have the potential to predict
various cardiac parameters [162,163]. Advances in Al, particularly ML models, have provided new
opportunities for leveraging pulse wave data to predict clinical indicators like LVDd. Among
various ML approaches, DL models such as Densely Connected Convolutional Networks
(DenseNet) [164] have demonstrated impressive performance in extracting meaningful patterns
from complex physiological signals due to their deep feature extraction capability and efficient

layer connectivity.

DenseNet is a type of neural network that introduces direct connections between each layer
and every other layer in a feed-forward manner [165,166]. This architecture allows the network to
reuse learned features and enhances the flow of information, making DenseNet especially suitable
for tasks requiring the processing of high-dimensional input data, such as pulse wave signals.
Alghamdi et al. introduced a new method that combines autoencoder and DenseNet architectures
to predict heart disease, achieving a high mean accuracy of 99.67% on the Heart Disease UCI
Cleveland dataset. The model demonstrated excellent performance, with a test accuracy of 99.99%
after further testing, along with outstanding macro precision, recall, and F1 scores [59]. Hadaate
Ullah et al. proposed an automatic end-to-end 2D CNN with DenseNet for arrhythmia recognition,
achieving impressive results on the MIT-BIH and INCART datasets with accuracy of 99.80% and
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99.63%, respectively [167]. The model surpasses current state-of-the-art approaches,
demonstrating high precision and F1-scores, and is further validated through transfer learning on
class-imbalanced datasets, showing its potential for real-life applications in arrhythmia diagnosis.
This paper proposes a method for accurate aortic dissection diagnosis at the patient level using CT
angiography (CTA) images. Xiong et al. presents a novel multi-lead myocardial infarction (MI)
localization approach using DenseNet, achieving superior performance with 99.87% accuracy,
99.84% sensitivity, and 99.98% specificity, demonstrating its potential for clinical application in
MI diagnosis [168]. Krishnan et al. proposed a transfer learning-based model using DenseNet121
for CVD prediction, enhanced by a hybrid Lion-based Butterfly Optimization Algorithm for
feature selection. The model demonstrated significant improvements in accuracy, precision, recall,
and F1-Score, while reducing training time by focusing on a smaller, more relevant feature set

[169].

In this study, we proposed a DenseNet network-based approach to predict the LVDdI from
pulse wave signals. By training the model on pulse wave data collected from HF patients, we aim
to demonstrate that DenseNet can reliably predict LVDdI and provide insights into left ventricular
function. This approach has potential for early diagnosis and monitoring of HF progression,

providing a non-invasive, efficient, and accurate approach for clinical assessment.

4.2 Methods

4.2.1 Ethics approval

The approval number for this study is the same as that in section 3.2.1. The collection and

analysis of clinical data were conducted in compliance with relevant guidelines and regulations.

4.2.2 Clinical data

The dataset of this study is consistent with that in section 3.2.2. The diagnosis of HF was based
on the Framingham HF diagnostic criteria [170]. After the stabilization of acute HF, pulse wave
and blood pressure were measured and recorded using a blood pressure/pulse wave monitoring
device (Omron 203RPEIII). Additionally, all patients underwent TTE within a week preceding or

following the pulse wave assessment. Relevant clinical parameters were also recorded.
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4.2.3 Pulse waves

We first obtained pulse wave signals from the left upper arm of HF patients and processed the
data using denoising and normalization techniques based on previous studies. During the denoising
process, wavelet transformation was used to decompose the signals and eliminate noise [171].
Then, to prevent distortion of the pulse wave signals, and in accordance with the Nyquist theorem
and the real sampling frequency, the number of sampling points per pulse wave cycle was set to
100 [172]. Since this study focuses on variations in the pulse wave model, the amplitude of each

pulse wave cycle was normalized to a range of 0 to 100.

4.2.4 Datasets

Rigorous data screening was undertaken to ensure data quality. The 264 patients with HF were
confirmed to satisfy the following screening criteria: 1) pulse wave data were collected from the
left upper arms of the patients; 2) for each patient, five or more consistent and usable pulse wave
cycles were documented; and 3) LV size, including LVDd and LV systolic diameter, was measured
by transthoracic echocardiography. Our clinical data were used to evaluate the LVE of each patient
based on the guidelines provided by the American Society of Echocardiography (ASE) [173]. LVE
was defined as LVDd with an index, namely, LVDdI >36 mm/m2 for males and >37 mm/m?2 for
females [158].

4.2.5 Regression model

The densely connected convolutional network (Dense Net) was employed for regression
prediction of LVDdI, a recently established, innovative network architecture capable of excelling
in efficient feature extraction and regression prediction tasks [174]. In the context of our limited
dataset, the dense net is verified, enabling the effective employment of data features, and achieving
high performance while mitigating overfitting. The relationship between the input and output of

the (n+1)-th layer (feature map) associated with the dense block module is given as:
Output™?! = feature map = G"(Output?!, Qutput?, ..., Output™) (11)

G represents several operations, including the rectified linear unit (ReLU), batch

normalization, and convolution.
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This diagram illustrates the architecture of a DL model with several key components. The
model begins with an input layer, followed by a convolutional layer for feature extraction, and
then passes through multiple dense blocks (Dense Block 1, Dense Block 2, and Dense Block 3),
which include convolution and max-pooling operations (C+M). After each dense block,
information is passed to additional modules depicted in separate boxes, suggesting lateral
connections or auxiliary processing. Max-pooling is applied before the fully connected (FC) layer,

and finally, the output layer produces the model's prediction.

As shown in Fig. 4-1, the specific network architecture includes two hidden layers: the 1Ist
hidden layer with 128 neurons and the 2nd hidden layer with 32 neurons. The output layer consists
of a single neuron dedicated to regression prediction. The activation function used in both hidden
layers is ReLU, while dropout layers are introduced between the 1st and 2nd hidden layers to
mitigate overfitting. This architecture highlights the sequential nature of the DL process,
incorporating dense blocks and supplementary modules to enhance feature processing and improve

model generalization.

The model was trained using the Adam optimizer under the following circumstances: learning
rate = 0.001, ¢ = 0.001, p;= 0.9, p>=0.999, and 0 = 1E-8 [175] while using the MSE as the loss
function. The ML networks were trained with TensorFlow (v2.0.0rc, Python 3.7) on an NVIDIA
Quadro K4000 GPU, encompassing 100 epochs, with each batch having 128 samples. The model

performance was evaluated as validation based on 10% of the training dataset.
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Fig. 4-1 Schematics of densely connected convolutional networks (Dense Nets) for regression

modeling.
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4.2 .6 Performance evaluation

The confusion matrix was further visualized to assess the model performance regarding the

training and testing datasets.

For the regression model, we used the metrics of accuracy and AUC-ROC to evaluate the
performance. Given that the Mean absolute percentage error (MAPE) is defined as an error

function [176,177]:

MAPE = =2 yn |2 (12)

n

where y and ¥ denote the clinically observed values and the ML-predicted value, respectively;

n is the quantity of the test dataset; thus, the accuracy is given as:
Accuracy=1-MAPE (13)

Moreover, we conducted consistency analysis between clinical measurements and ML-based
predictions using the Bland—Altman method. The Bland-Altman analysis is a statistical method
used to evaluate the agreement between two different measurement techniques or instruments,
particularly in medical research when comparing a new method to an established one. The analysis
involves visualizing the differences between the two methods on the Y-axis versus the average of
the two methods on the X-axis. The mean difference, or bias, indicates any systematic error
between the methods, while the limits of agreement, determined as the mean difference + 1.96
times the standard deviation of the discrepancies, represent the range within which 95% of the
differences are expected to lie. If most data points fall within these limits, the two methods are
considered to have good agreement. However, if the differences are consistently large or the limits
are wide, the new method may not be suitable for use as a substitute for the reference method.
Additionally, trends in the differences, such as increasing or decreasing variability with larger
averages, may indicate systematic disagreement. Bland-Altman analysis is commonly used in
clinical and biomedical studies to assess the reliability of new diagnostic tools or measurement
devices and to determine whether they can be used interchangeably with existing methods. The
visual representation provided by a Bland-Altman plot highlights any systematic bias or variability
between the two methods, offering critical insights into their agreement. The Bland-Atman

analysis reveals the trends, clustering patterns, and correlations of parameters between the clinical
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measurement datasets and ML-based prediction datasets. When the parameters fall within an
acceptable range, good agreement is obtained between the two datasets, and then both methods

can be used interchangeably [178].

4.3 Results

A Dense Net was utilized to predict the LVDdI to optimize the ML network during the training
process. The mean squared error (MSE), adopted as a loss function, displays a rapid and monotonic
decline during the first several epochs (Fig. 4-2), converging quickly to a stable and minimum
level after 100 training epochs. The relevant parameters and weight gained for the optimized model
were then employed for the testing and ML-based predictions. As a result, the optimized regression

model can achieve a prediction accuracy of 0.88.

3000

— L, 0SS

2500

2000

1500

MSE

1000

0 20 40 60 80 100
Epochs

Fig. 4-2 Learning the MSE curve of the DenseNet model.

To evaluate the consistency between the Dense Net predictions and clinical measurements, we
applied the Bland—Altman method to examine the mean values and differences, illustrated in Fig.
4-3, with an interval of 95% confidence. The Dense Net predictions are in good agreement with

the clinical measurements, with most of the predicted LVDdI plots scattered within the 95%
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confidence interval. We presented the confusion matrix of the regression model based on the
predicted LVDdI for a clearer comparison with the classification model, as shown in Figure 4-4.
In this model, 3 cases from the LVE group and 3 cases from the non-LVE group were misclassified,
which is slightly higher than the classification model. However, the regression model still
demonstrated a high overall prediction accuracy of 88%. In addition, as shown in Fig. 4-5, the
ROC curve of the regression model, which estimates the LVDdI as a binary classification of the
LVE and non-LVE groups, presents an AUC-ROC of 0.89, slightly lower than that of the

classification model.
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Fig. 4-3 Comparison between Dense Net predictions and clinical measurements based on Bland—

Altman analyses for LVDdI.

68



Dissertation, Chiba University

24
=
-
D)
2
]
5
12
=
—
=
= 6

LVE non-LVE
Predicted Label

Fig. 4-4 Confusion matrices of the DenseNet model.
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Fig. 4-5 ROC curve of regression model, AUC=0.89.

LVE is one of the key precursors of HF; as the ventricular volume increases, the heart's

pumping ability gradually decreases, contributing to the development and advancement of HF. In
this study, we utilized pulse wave signals combined with the DenseNet network to quantitatively
detect the LVDdI in HF patients, providing an accurate and non-invasive approach for clinical

assessment of ventricular remodeling.

We collected a well-curated pulse wave dataset obtained from 264 HF patients and proposed

a ML-based regression model that utilizes the DenseNet network to quantitatively predict the
LVDdI value. Based on the standards of the American Society of Echocardiography, HF patients

were then classified into LVE and non-LVE groups. To validate the model's accuracy, we compared
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the classification labels from the predicted results with the clinical labels. The results showed that
the predicted outcomes were highly consistent with the clinical labels, achieving a prediction
accuracy of 93% with an AUC of 0.89. These findings indicate that the proposed regression
strategy can effectively identify LVE and accurately predict LVDdI values, demonstrating strong
feasibility and application potential. This method offers an effective, non-invasive, and precise
diagnostic tool for detecting LVE in clinical settings and holds promise for future clinical diagnosis

and personalized treatment.

In Chapter 3, the classification model we proposed for identifying LVE achieved an accuracy
of 0.91 and an AUC of 0.93. In contrast, the regression model used in this chapter reached an
accuracy of 0.88 and an AUC-ROC of 0.89. Although slightly lower than the classification model,
it still demonstrates strong predictive performance. Unlike the classification approach in Chapter
3, this chapter emphasizes directly predicting the specific value of LVE using a regression model,
rather than merely categorizing patients as LVE or non-LVE. This regression approach not only
offers more precise quantitative predictions, allowing clinicians to more accurately assess the
degree of LVE, but also provides valuable data support for personalized treatment and long-term
health monitoring. This more detailed assessment enables clinicians to formulate more precise
intervention strategies and follow-up plans in clinical practice, further improving treatment

outcomes and prognosis for patients with HF.

Although we achieved accurate prediction of LVDdI in HF patients using pulse wave signals
and the DenseNet model, there are still some limitations in this study. First, our dataset primarily
focuses on HF patients, lacking data from healthy subjects, which necessitates further expansion
of the dataset to include individuals with varying health conditions. Second, most of the HF
patients had advanced disease; incorporating data from patients with mild HF could further
validate the model's accuracy in detecting LVE at earlier stages. Additionally, despite our rigorous
data selection process and the creation of a high-quality dataset, the experimental validation is
based on preliminary results and requires further optimization. Moreover, since the data comes
from a single institution, it may not fully represent HF patients from diverse backgrounds and
varying demographics. Finally, pulse wave signals are not continuously monitored, so while we
can accurately predict LVDdI values, real-time monitoring has not yet been achieved. To enable

continuous monitoring of LVDdI, future research will require more comprehensive monitoring and
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follow-up data, potentially integrating these into wearable devices. This would facilitate early
detection of ventricular remodeling and improve prognostic management, meeting the demands of

real-world clinical applications. Achieving these goals will be the focus of our future work.

4.5 Conclusion

We successfully proposed and implemented an ML-based method using pulse wave signals
and the DenseNet network to predict the LVDdI in HF patients. Our model demonstrated strong
predictive performance, providing a non-invasive, accurate, and efficient method for assessing left
ventricular remodeling. The results highlight the potential of utilizing ML techniques to improve
clinical decision-making, particularly in the early detection and management of HF. Future
research will focus on expanding the dataset, optimizing the model, and integrating continuous

monitoring capabilities into wearable devices to offer more comprehensive, personalized care.
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Chapter V

Conclusions
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5.1 Summary of contributions

This thesis introduces strategies based on ML and DL for the diagnosis and management of
CVD. These ML and DL methods overcome the limitations of traditional approaches, offering the
possibility of exploring unknown HF subgroups and demonstrating the feasibility of detecting
specific cardiovascular conditions, such as LVE. Through these technologies, this work provides
new tools for non-invasive and convenient CVD detection and management, further advancing

personalized treatment.

In Chapter I, we introduce the risks, diagnosis, and treatment of CVDs, along with the
classification and development of Al. We also review Al-based analytical methods and
applications in CVD management.

In Chapter |1, we collected and standardized the pulse wave time series and clinical data from
380 HF patients. The data was then clustered using the K-means++ algorithm, and the clustering
performance was evaluated, with an in-depth analysis of the clinical differences between the
groups. A RF classifier was applied to quantify the importance ratio of pulse wave time-frequency
features in distinguishing between the clusters. Ultimately, two patient subgroups were identified,
showing significant differences in age, heart rate, and ejection time. Additionally, rise time, mean
value, fall time, and skewness were identified as key pulse wave morphological features. This
finding provides preliminary evidence that pulse wave signals can be used for stratified

management of HF patients, offering a non-invasive and convenient approach.

In Chapter I11: After rigorous data screening, we constructed a dataset consisting of 264 HF
patients and divided them into LVE and non-LVE groups based on clinical labels. Statistical
differences between the two groups were verified using Fourier series analysis, ensuring the
reliability of the dataset. We then proposed a weighted RF classification algorithm to differentiate
between LVE and non-LVE patients, comparing the classification results with clinical labels. The
results showed that the classification model achieved an accuracy of 0.91 and an AUC-ROC of
0.93, effectively identifying LVE in HF patients. This study highlights the potential of ML models

based on pulse wave signals for non-invasive identification of LVE patients.

In Chapter IV: Building on the work from the previous chapter, we further collected the left

ventricular end-diastolic diameter index (LVDdI) from 264 HF patients as a key indicator for
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quantitatively predicting LVE. We proposed a regression algorithm based on a densely connected
convolutional network to directly predict the specific values of LVDdI. The consistency between
the predicted values and clinical measurements was assessed using the Bland-Altman method. The
results demonstrated that the regression model achieved an accuracy of 0.88 and an AUC-ROC of
0.89, indicating good predictive performance. Unlike the classification algorithm in Chapter 3, this
chapter highlights predicting the specific values of LVE through the regression model, rather than
simply classifying patients into LVE or non-LVE groups. This approach provides more precise
quantitative predictions, enabling clinicians to more accurately assess the extent of LVE, and offers

valuable data support for personalized treatment and long-term monitoring.

5.2 Outlook:

In this thesis, Al methods, including ML and DL, have been demonstrated to play a critical
role in the diagnosis and management of CVDs, contributing to health monitoring and
management outcomes. Our future work will primarily focus on expanding the dataset and

optimizing the network architecture.

In Chapter I1, we plan to further refine key clinical indicators, such as BNP. Although BNP is
already included in our dataset, its coverage is not yet comprehensive, which may affect the results
of correlation analysis. Therefore, we intend to enhance this indicator by supplementing the dataset.
Additionally, including both healthy individuals and HF patients in comparative testing will help
improve the model's applicability. By improving the unsupervised learning model and expanding
the range of clinical parameters, we aim not only to more accurately identify subgroups of HF
patients but also to detect groups with potential HF risk, leading to more effective prevention and

treatment strategies.

In Chapters 111 and 1V, our primary goal is to expand the dataset by including a wider variety
of HF patients. We will collaborate with hospitals to collect cardiac magnetic resonance data,
which is considered the gold standard for detecting LVE, to enhance the reliability of the model’s
training and validation. Additionally, in the future, we plan to collect longer pulse wave signals
and conduct patient follow-ups to enable real-time detection and monitoring of LVE, as well as to

predict patient recurrence rates and adverse events. These improvements will enhance the model’s
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accuracy and clinical relevance, providing stronger support for the long-term management of HF

patients.

Overall, Al-based strategies hold great potential for applications in clinical diagnosis,
personalized treatment, and health monitoring. In clinical diagnosis, Al algorithms can rapidly
process large volumes of pulse wave data, identifying subtle patterns and abnormalities, leading
to more precise disease detection. For personalized treatment, Al-driven pulse wave analysis helps
doctors develop tailored treatment plans based on the cardiovascular condition of patients,
enabling precise drug adjustments and targeted interventions by identifying specific features, thus
improving treatment effectiveness, reducing side effects, and effectively managing comorbidities.
In health monitoring and long-term care, Al systems can be integrated into wearable devices,
providing real-time monitoring of cardiovascular health, detecting changes in heart function early,
preventing disease progression, and helping doctors adjust care plans based on actual data. This is
particularly effective in managing HF, where it can significantly reduce complications and

hospitalization rates.

However, the application of Al still faces challenges related to data quality and standardization,
clinical integration, privacy and ethical issues. Ensuring data consistency and representativeness,
seamless integration into clinical workflows, and protecting data privacy while complying with
relevant regulations are essential for the widespread adoption of Al. Additionally, transparent and
interpretable Al models are crucial for gaining the trust of clinicians and patients. Despite these
challenges, there are still significant opportunities for innovation in the diagnosis and treatment of
CVDs. In the future, combining multi-modal data (such as integrating pulse waves with ECG and
CMR) to improve diagnostic accuracy, and fostering collaboration between Al developers and
clinicians to advance real-time monitoring systems and early warning mechanisms, will pave new

pathways for the prevention and treatment of CVDs.
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