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Abstract

Abstract

Photoplethysmography (PPG) is a low-cost and non-invasive optical technique, already widely
integrated into consumer wearable devices, that measures blood volume changes in the
microvascular bed. Although its clinical potential extends well beyond heart rate and oxygen
saturation monitoring, the morphological richness of the PPG signal remains largely
underexploited. Arterial stiffness and vascular aging are among the earliest and most significant
markers of cardiovascular risk, yet their assessment still relies on specialised clinical
techniques unsuitable for continuous, large-scale screening. In this context, PPG offers a
promising platform to bring vascular diagnostics closer to everyday health monitoring.

This thesis develops an integrated experimental framework for the non-invasive assessment of
vascular health using PPG sensors, following a coherent progression from controlled in vitro
conditions to clinically heterogeneous populations. The work is articulated in four
interconnected studies. First, PPG sensors were employed to estimate arterial wall stiffness
through pulse transit time and pulse wave velocity measurements on silicone phantom models,
representing different physiological vascular conditions, within a mock circulatory loop.
Second, the second derivative of the PPG signal, known as the acceleration plethysmogram
(APG), was investigated as a route to vascular aging assessment: a dual in vitro—in vivo design
revealed strong correlations between APG-derived morphological indices and both wall
stiffness and chronological age, supporting their role as non-invasive surrogates of vascular
health. Third, the APG analysis was systematically extended to multiple wavelengths and
anatomical sites through a custom-built wearable prototype, identifying the optimal optical
configuration and demonstrating compatibility with the dominant smart and wearable devices.
Fourth, the discriminative power of APG-derived indices was evaluated on a clinically
heterogeneous cohort including both healthy and pathological subjects, demonstrating that
these indices capture a vascular aging component that is clinically informative beyond
chronological age and can effectively distinguish between healthy and diseased vascular states.
Overall, this thesis establishes a unified methodological framework that progresses from
physical interpretability to clinical utility, combining in vitro mechanical validation,
morphological signal analysis, multi-wavelength optimisation and clinical-group
discrimination. The proposed approach lays the groundwork for the integration of PPG-based
vascular biomarkers into wearable devices, supporting the transition towards continuous,

accessible and large-scale non-invasive cardiovascular monitoring.
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Chapter 1 — Introduction

Chapter 1 — Introduction

1.1 Context and Research Motivation

Cardiovascular diseases (CVDs) remain the leading cause of death worldwide. According
to the World Health Organization, approximately 17.9 million deaths per year are
attributable to CVDs, accounting for nearly one third of global mortality, and the burden
affects both developed and developing countries with comparable severity. Beyond the toll
on individual lives, the rising prevalence of cardiovascular and metabolic disorders has
translated into one of the largest sources of healthcare expenditure in industrialised
countries, and into a growing pressure on national health systems, which must respond to

rising demand from progressively ageing populations.

Within this clinical landscape, the structural and functional remodelling of the arterial tree,
conventionally referred to as vascular aging, plays a central role. Cardiovascular and
cardiometabolic diseases, such as hypertension, atherosclerosis, type-2 diabetes mellitus
and chronic kidney disease, despite their distinct aetiologies, converge on a common
vascular alteration, namely the progressive stiffening of the arterial wall, the loss of
compliance of the central elastic arteries and the alteration of the propagation properties of
the pressure pulse. These mechanical changes are not only a consequence of established
disease, but also one of its most informative early markers, since they precede the onset of
overt clinical events by several years and, when properly characterised, constitute a

quantitative target for primary prevention and risk stratification.

Conventional clinical techniques for arterial-stiffness assessment, such as carotid—femoral
pulse wave velocity, have established themselves as reliable and prognostically informative
biomarkers of cardiovascular risk. They are, however, intrinsically limited by their reliance
on dedicated equipment, by the need for trained operators, by the discrete nature of the
measurement and by their incompatibility with continuous, out-of-hospital monitoring. For
these reasons, research has increasingly focused on the development of continuous, non-
invasive and scalable monitoring solutions that can extend vascular health assessment

beyond the clinical setting.

Photoplethysmography (PPG) provides a particularly promising answer to this need. As a
non-invasive optical technique that probes the pulsatile blood-volume changes of the
microvascular bed, PPG combines several features that match the requirements of large-

scale vascular monitoring: its sensors are small, low-cost and easily integrable into contact
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Chapter 1 — Introduction

and wearable devices, and its signal carries both timing and morphological information that
mirrors the underlying haemodynamic phenomena. The widespread availability of PPG
sensors in consumer wearable devices is, in itself, a methodological resource of
unprecedented scale: any analytical pipeline that can be implemented on the optical signals
already acquired by these devices does not require the design or distribution of new
hardware, and can therefore reach a population of users that no conventional clinical

platform can match.

Building on this premise, the doctoral project presented in this thesis explored the use of
photoplethysmography for the non-invasive assessment of vascular health. The research
progressed from in vitro experimental investigations, aimed at demonstrating the potential
of PPG sensors for arterial stiffness estimation under controlled conditions, to in vivo
studies focused on the extraction and validation of morphological indices of vascular aging
derived from the second derivative of the PPG signal, known as the acceleration
plethysmogram (APG). Together, these two approaches provide a comprehensive view of
the technique's potential, from the physical characterisation of arterial mechanics to the
extraction of clinically informative digital biomarkers. The underlying translational
ambition of the work is not to compete with the gold-standard reference techniques on their
own terrain, but to extend the reach of vascular monitoring to the continuous, low-cost and
ambulatory regime in which most preclinical alterations develop, and in which preventive

action would have its highest impact.

1.2 Aim and Objectives of the Thesis

The general aim of this thesis is to develop, validate and translate a coherent
methodological framework for the non-invasive assessment of vascular health based on
PPG signals, by combining controlled in vitro experiments, custom-designed wearable
prototypes and clinical investigations on heterogeneous human cohorts. Within this general
aim, the doctoral work pursued four specific objectives, each addressed in a dedicated

experimental chapter.

The first objective, addressed in Chapter 4, was to develop and validate, in a controlled in
vitro setup, a method for estimating the Young's modulus of vessel-like phantom models
using a pair of PPG sensors, by exploiting the relationship between pulse wave velocity
and wall mechanical properties. This objective also reports a complementary application of

the same methodology to the non-invasive monitoring of transcatheter heart valves.
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The second objective, addressed in Chapter 5, was to investigate the acceleration
plethysmogram as a route to the assessment of vascular aging, by quantifying the
relationship between APG-derived morphological indices and the underlying mechanical

and physiological vascular condition through a dual in vitro—in vivo experimental design.

The third objective was to identify the optimal optical configuration for APG-based
vascular aging assessment in wearable devices, by systematically comparing four
wavelengths and two anatomical measurement sites on a custom-built multi-wavelength
PPG prototype. This objective is addressed in Chapter 6, which describes both the hardware
development of the prototype and its experimental validation on a cohort of healthy

volunteers.

The fourth objective was to evaluate the discriminative power of APG-derived indices in a
clinically heterogeneous population, in order to assess whether these indices can serve as
digital biomarkers of cardiometabolic health. This objective is addressed in Chapter 7
through a cross-sectional analysis of subjects stratified into healthy, hypertensive and

diabetic groups.

From a metrological standpoint, these four objectives represent a progression through three
levels of access to vascular stiffness, each progressively more indirect. The first level is the
direct estimation of Young’s modulus in vitro (Chapter 4), in which a mechanical quantity
is derived from measured quantities using an explicit physical model. The second level
consists of surrogate indices derived from the morphology of the APG (Chapters 5 and 6),
which do not directly measure any mechanical quantity but track its evolution through
dimensionless waveform descriptors. The third level consists of clinical digital biomarkers
(Chapter 7), evaluated not against a mechanical reference but based on their ability to
distinguish between clinical conditions. This distinction—from direct physical
measurement to indirect clinical relevance—structures the entire thesis and defines its

methodological coherence.

1.3 Thesis Outline

Chapter 2 — Theoretical and Technological Foundations introduces the cardiovascular
system, the mechanical properties of the arterial wall, the concept of vascular aging and the
photoplethysmographic technique, including the principles of light—tissue interaction, the
morphological structure of the PPG waveform and the analytical role of its successive

derivatives.
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Chapter 3 — State of the Art reviews the non-invasive methods currently available for
arterial-stiffness assessment, with a dedicated focus on PPG-based approaches and on the
second derivative of the PPG signal as a surrogate of vascular aging, and provides a concise
overview of other vascular and cardiovascular applications of PPG that are relevant to the

present work.

Chapter 4 — In Vitro Study: Arterial Stiffness Estimation Using PPG Sensors presents
the experimental campaign on silicone phantom models with different mechanical
properties and inter-sensor configurations, the validation against uniaxial tensile testing,
and the application extension of the same architecture to the non-invasive monitoring of

transcatheter heart valves.

Chapter 5 — Analysis of the APG Signal as an Indicator of Vascular Aging introduces
the second methodological line of the thesis, focused on the morphological indices of the
second derivative of the PPG signal, and consolidates their physiological interpretation

through a combined in vitro and in vivo experimental design.

Chapter 6 — Multi-Wavelength PPG Comparison for Vascular Aging Assessment
extends the APG analysis to four wavelengths and two anatomical sites through a custom-
built wearable prototype and identifies the optimal optical configuration for APG-based

vascular aging assessment in wearable devices.

Chapter 7— APG Indices as Digital Biomarkers of Cardiometabolic Health evaluates
the discriminative power of the conventional APG indices on a clinically heterogeneous
cohort of healthy, hypertensive and diabetic subjects, through a complementary statistical
framework based on hypothesis testing, effect-size analysis and distribution-overlap

metrics.

Chapter 8 — Conclusions and Future Developments summarises the key findings of the
doctoral project, articulates its overall scientific contribution, and discusses possible
directions for future research at the intersection of optical sensing, vascular biomechanics

and clinical translation.
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Chapter 2 — Theoretical and Technological Foundations

This chapter provides the theoretical background and the technological foundations underlying
the research presented in this thesis. The first part introduces the cardiovascular system and the
concept of arterial stiffness, including the key equations that will be used in subsequent
chapters. The following sections will cover the photoplethysmographic technique, the

derivatives of the PPG signal, and the main factors influencing signal quality.

2.1 The Cardiovascular System

2.1.1 Fundamentals of Anatomy and Physiology

The cardiovascular system is responsible for the transport of blood throughout the body,
ensuring the delivery of oxygen and nutrients to tissues and the removal of metabolic
waste products. It consists of three principal components: the heart, which serves as the
central pump; the blood vessels, which form an extensive network of conduits; and the
blood itself, the fluid medium carrying dissolved gases, nutrients, hormones, and cells
[1].

The heart is a muscular organ divided into four chambers: two atria (right and left) and
two ventricles (right and left). The right side of the heart receives deoxygenated blood
from the systemic circulation through the venae cavae and pumps it to the lungs via the
pulmonary arteries, where gas exchange takes place. The left side receives oxygenated
blood from the pulmonary veins and ejects it into the systemic circulation through the
aorta. The coordinated contraction and relaxation of the cardiac chambers give rise to
the cardiac cycle, which consists of two main phases: systole (contraction) and diastole
(relaxation). During systole, the left ventricle ejects blood into the aorta, generating a
pressure wave that propagates along the arterial tree. This pressure wave, commonly
referred to as the arterial pulse, travels from the central arteries towards the peripheral
vasculature at a velocity that depends on the mechanical properties of the vessel walls.
The resulting pressure waveform exhibits a characteristic morphology: a rapid systolic
upstroke corresponding to ventricular ejection, followed by a descending phase during
which the aortic valve closes, producing a small deflection known as the dicrotic notch,

and a subsequent diastolic decline [2].

Under normal resting conditions in a healthy adult, the heart beats at approximately 60—

100 beats per minute, producing a cardiac output of approximately 5 L/min. Systemic
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arterial pressure typically ranges between 120 mmHg (systolic) and 80 mmHg
(diastolic). These haemodynamic parameters are regulated by a complex interplay of
neural, hormonal, and local mechanisms that adjust heart rate, stroke volume, and

peripheral vascular resistance to meet the metabolic demands of the body [3].

Superior vena cava

Main pulmonary
artery

Sinoatrial node Left atrium

Mitral valve

Pulmonary valve Aortic valve

Right atrium

Tricuspid valve — Left ventricle

Right ventricle
Inferior vena cava

Figure 2.1 Cross-sectional diagram of the heart showing its four chambers, cardiac valves,

the sinoatrial node, and major connected vessels [4].

2.1.2 Blood Vessel Structure and Mechanical Properties

Blood vessels are not rigid conduits but rather dynamic structures whose mechanical
behaviour plays a critical role in cardiovascular function. The arterial wall is composed
of three concentric layers, or tunics, each with distinct structural and functional

characteristics [5].

The tunica intima is the innermost layer, in direct contact with the blood. It consists of
a single layer of endothelial cells supported by a thin layer of connective tissue and an
internal elastic lamina. The endothelium plays a key role in regulating vascular tone,
coagulation, and inflammatory responses. The tunica media is the intermediate and
thickest layer in arteries, primarily composed of smooth muscle cells arranged
concentrically, interspersed with elastic fibres (elastin) and collagen. This layer is the
main determinant of the mechanical properties of the vessel, including its ability to
distend under pressure and recoil during diastole. The tunica adventitia is the outermost
layer, composed mainly of collagen fibres and connective tissue, which anchors the

vessel to the surrounding structures and provides structural support [6].
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The relative proportion of elastin and collagen within the tunica media determines the
mechanical behaviour of the vessel. Elastic arteries, such as the aorta and its major
branches, contain a high proportion of elastin, which enables them to expand during
systole and recoil during diastole, thereby damping the pulsatile flow generated by the
heart into a more continuous peripheral flow. This property is known as the Windkessel
effect. Muscular arteries, located more distally, have a higher proportion of smooth
muscle relative to elastin, which allows them to regulate local blood flow through

vasoconstriction and vasodilation [7].

Tunica intima
Endothelium

Subendothelial layer

Internal elastic lamina

Tunica media

External elastic lamina

Tunica externa

Capillary network p /
Lumen

" Lumen
Artery Vein
Figure 2.2 Anatomical diagram showing structural differences between arteries, veins, tunica

layers and blood flow direction through vessels.
The mechanical properties of blood vessels are commonly described in terms of
Young’s modulus (£), which quantifies the intrinsic stiffness of the wall material. In
healthy conditions, the aorta exhibits Young’s modulus values in the range of 0.2-2
MPa, while peripheral arteries and veins show values between 0.6 and 3.5 MPa [8]. In
pathological conditions, such as atherosclerosis, an increase in the elastic modulus of up

to 60% can be observed, reflecting the structural remodelling of the arterial wall [9,10].

With advancing age, significant changes occur in the composition of the arterial wall.
The elastin content progressively decreases, while collagen deposition increases,
leading to a gradual stiffening of the vessel. Additionally, fragmentation of elastic
lamellae and cross-linking of collagen fibres by advanced glycation end-products
further contribute to the loss of arterial compliance [11]. These structural alterations are
not uniform throughout the arterial tree: they are more pronounced in central elastic

arteries (aorta and carotid) than in peripheral muscular arteries [12,13].
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2.1.3 Arterial Stiffness and Vascular Aging

Arterial stiffness is defined as the reduced ability of an artery to expand and recoil in
response to pressure changes during the cardiac cycle. It represents one of the earliest
detectable manifestations of adverse structural and functional changes in the vessel wall
and has been recognised as an independent predictor of cardiovascular morbidity and
mortality [14,15]. Indeed, increased arterial stiffness is associated with hypertension,
atherosclerosis, stroke, and myocardial infarction, independently of traditional

cardiovascular risk factors such as age, cholesterol levels, and smoking status [16,17].
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Figure 2.3 a Anatomical structure of the vascular wall. b Structural and functional differences in
muscular arteries, elastic arteries, and arterioles. ¢ Age affects arterial structure. d Overview of the
underlying cellular mechanisms of arterial stiffness in the different layers [14].

From a haemodynamic perspective, the arterial stiffness has several significant
consequences. First, it increases pulse wave velocity (PWV), causing the reflected
pressure waves to return to the heart at an earlier stage of the cardiac cycle, increasing
central systolic pressure and left ventricular afterload. Second, it reduces the Windkessel
buffering capacity of the aorta, resulting in elevated pulse pressure and greater pulsatile

stress on the microcirculation of target organs, such as the kidneys [18,19].

Gianluca Diana 8



Chapter 2 — Theoretical and Technological Foundations

The concept of vascular aging refers to the progressive deterioration of arterial structure
and function that occurs over time, often described by distinguishing between
chronological age and vascular age. Vascular age reflects the actual condition of the
arterial system, which may differ considerably from chronological age depending on
genetic predisposition, lifestyle factors, and the presence of comorbidities such as
diabetes mellitus and chronic kidney disease [20,21]. An individual may have arteries
that are biologically older or younger than their chronological age, and this discrepancy

has been shown to have prognostic significance [22].

The clinical gold standard for the non-invasive assessment of arterial stiffness is the
measurement of PWV, defined as the speed at which the pressure pulse generated by
the heart travels along the arterial tree [23,24]. PWV is typically measured over the
carotid—femoral segment (cfPWV), a method considered the gold standard according to
international guidelines [25-27]. PWYV is calculated using space—time measurements, as
the ratio between the distance As covered by the pulse wave and the pulse transit time
(PTT), which is the time delay At of the pressure wave between two recording sites [28]:

As
PWV = — 2.1
T (2.1

The relationship between PWV and the mechanical and geometrical properties of the
blood vessel is described by the Moens—Korteweg equation, formulated in 1878 and

still widely accepted by the scientific community [29,30]:

Eh

T (2.2)

PWV =

where E is the circumferential Young’s modulus of the vessel wall, / is the wall
thickness, 7 is the internal radius, and p is the density of the fluid (blood). This equation
establishes a direct link between the propagation velocity of the pressure wave and the
elastic properties of the arterial wall: a stiffer vessel (higher F) results in a higher PWV.
On the contrary, a more compliant vessel transmits the pulse wave more slowly [31].
It is important to note that the Moens—Korteweg equation is derived under several
simplifying assumptions: (i) a thin-walled vessel (h < r); (i1) a homogeneous, isotropic,
and linearly elastic wall material; (ii1) an incompressible, non-viscous fluid; (iv) an
infinitely long, straight, cylindrical tube with no branching or tapering; (v) no wave

reflections; and (vi) small-amplitude wave perturbations [32,33]. In real arteries, many
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of these assumptions are violated: arterial walls are anisotropic, viscoelastic, exhibit
non-linearly behaviour and are tethered to surrounding tissue. The arterial tree includes
bifurcations and progressive tapering that generate wave reflections and impedance
mismatches [34]. Despite these limitations, the Moens—Korteweg equation remains
widely used in clinical practice and research due to its simplicity and the strong

proportional relationship it establishes between PWV and wall stiffness.

A complementary and more general formulation is provided by the Bramwell-Hill

equation [35], derived in 1922 from the water-hammer equation and expressed as:

fA AP f 1
_ _ 2.3
PV = == |55 (2.3)

where A is the mean area of the blood vessel, AP is the difference between the central
systolic and diastolic pressures, AA is the difference between the maximum and
minimum area of the blood vessel during a cardiac cycle, p is the blood density, and D
is the arterial distensibility. This equation overcomes some limitations of the Moens—
Korteweg formulation because it relates PWV directly to distensibility, a macroscopic
and measurable quantity, without requiring assumptions about wall thickness or a

single-valued elastic modulus [36].

In healthy young adults, aortic PWV values are typically in the range of 5-7 m/s,
whereas values above 10 m/s are generally considered indicative of significant arterial
stiffness and are associated with increased cardiovascular risk [37-39]. The 2024 ESC
guidelines for the management of elevated blood pressure and hypertension confirm the
threshold of 10 m/s as a marker of hypertension-mediated organ damage (HMOD) and
additionally introduce brachial-ankle PWV > 14 m/s as an alternative criterion [40].
PWYV increases progressively with age, and this increase is accelerated in the presence
of cardiovascular diseases. For this reason, PWV has been proposed not only as a
diagnostic marker but also as a tool for monitoring the efficacy of therapeutic

interventions aimed at reducing arterial stiffness [41].

Although cfPWV remains the gold standard, its measurement requires dedicated
equipment, specialised personnel, and cannot be performed continuously [42,43]. These
limitations have led to the pursuit of alternative, simpler, and more accessible methods
for assessing arterial stiffness [44], among which photoplethysmography has emerged

as a particularly promising approach, as will be discussed in the following sections.
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2.2 Photoplethysmography (PPG)

2.2.1 Historical Background and Development of PPG

Photoplethysmography (PPG) is a non-invasive optical technique used to detect blood
volume changes in the microvascular bed of tissue. Although it is now ubiquitous in
clinical devices and consumer wearables, its origins date back to the mid-1930s. The
term photoelectric plethysmography, as it was originally known, was coined by Alrick
B. Hertzman, who is widely regarded as the pioneer of this technique. In 1937,
Hertzman published his first papers describing photoelectric measurements of blood

volume pulsations in the fingers, toes, and nasal septum [45].

The early instrumentation was remarkably simple by modern standards. In the first
reported setup, a beam of light from an ordinary automobile headlight bulb was directed
onto the fingertip, which was placed above a shielded photoelectric cell of the
photoemissive type. The resulting photoelectric oscillations, corresponding to
variations in the blood content of the digit, were recorded by a string galvanometer after
amplification. To minimise motion artefacts, the subject's arm was placed on a sling to
promote muscle relaxation. Hertzman later refined the apparatus by using a pencil
flashlight bulb mounted in a metal sleeve that could be brought into light contact with

the skin, enabling reflectance-mode measurements from the hand surface [46,47].

Over the following three decades, Hertzman and colleagues made fundamental
contributions to the understanding of the technique. In 1940, Hertzman and Dillon were
the first to distinguish between the alternating current (AC) and direct current (DC)
components of the PPG signal, measuring each with a separate amplifier [48].
Subsequent work focused on establishing the validity of photoelectric plethysmography
for quantifying both blood volume changes and blood flow [49]. As semiconductor
technology advanced, photodetectors have become smaller and more sensitive,
enabling other researchers to apply this technique to a wider range of physiological

studies.

One of the most transformative developments in the history of PPG was the invention
of pulse oximetry. In 1974, the Japanese bioengineer Takuo Aoyagi [50], working at
Nihon Kohden, observed that the pulsatile component of light transmission through
tissue at two different wavelengths contained information about arterial blood
oxygenation. By isolating the AC component, which originates primarily from arterial

pulsations, from the DC component, which is influenced by venous blood and non-
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pulsatile tissue, Aoyagi devised a method for estimating arterial oxygen saturation
(SpO2) non-invasively and continuously. The first prototype pulse oximeter was
produced in 1973, and the concept was subsequently commercialised by Minolta,
Ohmeda, and Nellcor over the following decade [51]. Due to its enormous clinical
impact, pulse oximetry became a mandated international standard for monitoring during

anaesthesia [52].

Over the past three decades, the number of publications related to PPG has grown
exponentially, particularly since 2013, driven by the integration of PPG sensors into
wearable consumer devices such as smartwatches and fitness bands [53]. Today, PPG
applications extend far beyond pulse oximetry and heart rate monitoring, encompassing
blood pressure estimation, arterial stiffness assessment, respiratory rate extraction,
stress evaluation, and peripheral vascular disease detection, as will be discussed in the

subsequent sections of this chapter.
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Figure 2.4 (4) Publications (17,493) and (B) citations (341,707) of PPG studies over the past
three decades (1995-2025). Data were obtained from Web of Science Core Collection using
"Photoplethysmography" OR "Photoplethysmogram" OR "Photoelectric Plethysmography"
OR "Photoplethysmographic" OR "Photoplethysmography PPG" OR "PPG" OR "Remote
photoplethysmography" as topic (accessed April 16, 2026).
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2.2.2 PPG Sensors: Structure and Operating Principle

A PPG system comprises two essential functional blocks: an optical sensor and an
electronic processing unit. The optical sensor consists of at least one light emitter and
one photodetector, while the processing unit includes the analogue front-end circuitry
for signal conditioning and an analogue-to-digital converter (ADC) for digitisation. In
the simplest configuration, a single-wavelength PPG system illuminates a vascular
tissue site with light at a specific wavelength, detects the transmitted or reflected
photons, and converts the resulting photocurrent into a voltage signal that is filtered,

amplified, and recorded as the photoplethysmogram [54].
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Figure 2.5 Principle of photoplethysmogram generation and waveform features [54].
The most commonly used light source in PPG sensors is the light-emitting diode (LED).
LEDs are favoured due to their small footprint (typically 2 mm % 1.5 mm % 1 mm), low
power consumption, widespread availability across the visible and near-infrared
spectrum, and narrow emission bandwidth. When forward-biased, the p-n junction of

the LED recombines electrons and holes, releasing energy in the form of photons at a
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wavelength determined by the semiconductor material [55]. Green LEDs (around 520-
530 nm) are widely used in wearable devices for heart rate monitoring, while red (660
nm) and near-infrared (940 nm) LEDs are employed in pulse oximeters for oxygen
saturation measurement. The choice of wavelength has significant implications for

signal quality and tissue penetration depth, as discussed in Section 2.2.4 [56,57].

The photodetector, most commonly a silicon photodiode, converts the optical energy of
the detected photons into an electrical current (photocurrent) that is proportional to the
incident light intensity. Other detector types, such as phototransistors and photocells,
have been reported in the literature but are less frequently employed [58]. The
photocurrent is then converted into a voltage signal by a trans-impedance amplifier
(TTA), which is a critical stage of the analogue front-end. The TIA consists of an
operational amplifier with a high-value feedback resistor (typically in the megaohm
range) and a compensation capacitor that determines the circuit bandwidth and stability.
The design of the TIA requires careful consideration, as improper selection of

components can introduce oscillations, excessive noise, or signal distortion [59].

Following amplification, the PPG signal undergoes analogue filtering to remove high-
frequency noise and mains interference (anti-aliasing filter), and bandwidth-limiting
filters are used to separate the AC and DC components. The AC component, which
varies with each heartbeat, typically occupies a frequency range of 0.5 to 5 Hz, while
the DC component represents the quasi-static baseline of the signal. A further
amplification stage is generally required before digitisation, given the small amplitude
of the raw PPG signal. The digitisation is typically performed by a sigma-delta ADC,
which offers high resolution (16-24 bits), low noise, and the capability of directly

digitising the sensor output without prior DC removal [60].

The spatial arrangement of the LED and photodetector defines two fundamental
measurement configurations. In transmission mode (also called trans-illumination), the
LED and photodetector are placed on opposite sides of the tissue, so that light passes
entirely through the tissue sample before reaching the detector. This configuration is
limited to anatomical sites thin enough to be transilluminated, such as the fingertip, the
earlobe, or the toe, and is the most widely used arrangement in clinical pulse oximetry.
In reflectance mode, the LED and photodetector are mounted side by side, typically a
few millimetres apart, so that the light enters the tissue, undergoes multiple scattering

and absorption events, and a fraction of the backscattered light is detected. Reflectance
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probes offer the advantage of being applicable to virtually any vascular tissue site,
including the wrist, forehead, and forearm, and are therefore predominantly used in

consumer wearable devices [61,62].
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Figure 2.6 Comparison of transmission and reflectance mode PPG sensors. The signal
intensity and shape of transmitted PPG signal (4) behaves inverse to PPG signal detected by
a reflectance mode PPG sensor (B) [62]

Modern PPG systems often employ multiple wavelengths simultaneously, requiring
more complex instrumentation. In a multiwavelength system, the LEDs are driven
sequentially by time-multiplexed current drivers, and the mixed-wavelength signal at
the output of the TIA is separated into individual wavelength channels using sample-
and-hold amplifiers synchronised to the LED switching clocks. A programmable
microcontroller coordinates the timing of LED activation and signal sampling. This
architecture enables dual-wavelength pulse oximetry and, more recently, multispectral
PPG systems that interrogate tissue at more wavelengths, providing richer physiological
information [63,64]. Today, all the circuitry required to acquire PPG signals, including
the optical components, signal conditioning amplifiers, and digitisation engine, can be
integrated into a single chip, enabling the miniaturised PPG sensors found in wristbands

and smartwatches [65].
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2.2.3 The Beer-Lambert Law and Its Modification for Biological Tissue

The theoretical framework underlying the interaction of light with tissue in PPG is
based on Beer-Lambert's law, one of the fundamental principles of spectrophotometry.
Its development spans more than a century: in 1729, Pierre Bouguer first observed that
the loss of light intensity through a medium is proportional to the intensity itself and to
the path traversed. Johann Heinrich Lambert formalised this observation in 1760.
Almost a century later, in 1852, August Beer demonstrated that the attenuation also
depends on the concentration of the absorbing substance. The modern formulation,

known as the Beer—Lambert law, combines both contributions [66,67].

According to the generic Beer—Lambert law, the absorbance 4 of monochromatic light

passing through a homogeneous, non-scattering medium is given by:
A=¢e-d-C (2.4)

where ¢ is the molar extinction coefficient of the absorbing species, d is the optical path
length (equal to the sample thickness in a non-scattering medium), and C is the molar
concentration of the absorber. The transmitted intensity /; is related to the incident

intensity /y by an exponential decay:
I, = lje=&%¢ (2.5)

However, biological tissue is a complex medium composed of multiple absorbers
(haemoglobin, water, melanin) and scatterers (collagen fibres, cell membranes,
organelles). The generic Beer—Lambert law does not account for scattering, and
therefore cannot be directly applied to tissue. To address this, Delpy introduced a
modification in 1988 [68]. In tissue, photons undergo multiple scattering events,
travelling along tortuous paths that are considerably longer than the straight-line
distance between source and detector. This elongation is quantified by the differential
path length factor (DPF) and the effective optical path length / is related to the source—
detector separation d by / = DPF x d, with DPF always greater than unity. The modified
Beer—Lambert law for a scattering—absorbing medium at a given wavelength A is

expressed as:
Alzgl‘d‘DPFA‘C‘FGA (26)

where the term G is a scattering-dependent parameter that accounts for geometry-

related losses and does not depend on the concentration of the absorber. When multiple
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absorbers are present, the total absorbance is simply the sum of the individual
contributions of each chromophore, each weighted by its own extinction coefficient and

concentration.

BEER-LAMBERT LAW
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Figure 2.7 Schematic representation of the Beer—Lambert law: a collimated light beam is
attenuated as it traverses an absorbing and scattering medium, resulting in a lower-intensity
emergent beam.

The application of this framework to PPG is straightforward. During each cardiac cycle,
the volume of arterial blood in the tissue increases during systole and decreases during
diastole, causing a corresponding change in light absorbance. Since the scattering
parameter G does not depend on the pulsatile blood volume, it remains approximately

constant throughout the cardiac cycle [69].

This framework also underpins pulse oximetry. In a dual-wavelength system (typically
red at 660 nm and near-infrared at 940 nm), a quantity known as the ratio of ratios (R)
1s computed from the PPG signals at the two wavelengths:

_ AG /DGy

- 2.7)
ACy2/DCy,

where AC and DC denote the pulsatile and non-pulsatile components of the PPG signal
at each wavelength. Because oxyhaemoglobin (HbO:) and deoxyhaemoglobin (Hb)
have markedly different extinction coefficients in the red and near-infrared regions, the
value of R can be related to arterial oxygen saturation (SpO2) through empirical
calibration curves. This elegant approach, first conceived by Aoyagi, remains the

foundation of all modern pulse oximeters [70,71].
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2.2.4 Physical Principles of Light-Tissue Interaction

When light is directed at a biological tissue site, it undergoes two fundamental
interaction processes: absorption and scattering. Their relative contributions depend on
the wavelength of the incident light and on the structural and biochemical composition
of the tissue layers [72]. Absorption occurs when photon energy is transferred to
chromophores, molecules that selectively absorb light at specific wavelengths. The
principal chromophores in the spectral window relevant to PPG (approximately 450—
1100 nm) are oxyhaemoglobin (HbO:) and deoxyhaemoglobin (Hb) in blood, melanin
in the epidermis, and water in the deeper tissue layers. HbO- and Hb exhibit markedly
different absorption profiles between 600 and 1000 nm, which forms the physical basis
of pulse oximetry [73]. Scattering refers to the redirection of photons caused by
structural inhomogeneities such as cell membranes, collagen fibres, and organelles.
Since the scattering coefficient decreases with increasing wavelength, longer

wavelengths penetrate deeper into tissue [74].
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Figure 2.8 Light penetration into skin illustrating the depth to which wavelengths penetrate
human skin. Red light is extinguished some 4—5 mm beneath the surface of the skin whereas

ultraviolet hardly penetrates at all and blue barely 1 mm into tissue [75]
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The combined effects of absorption and scattering determine the optical penetration
depth, a parameter with critical implications for PPG sensor design because it dictates
which tissue layers and vascular structures are interrogated by a given wavelength. In
particular, blue light (~440 nm) is confined to the superficial epidermis, with a
penetration depth of approximately 0.2 mm, while green light (~540 nm) reaches the
papillary dermis at about 0.3 mm. Red light (~650 nm) penetrates through all dermal
sublayers to the subcutaneous fat layer (~1.5 mm), and near-infrared light (~ 750 nm)
achieves the deepest penetration, extending beyond the subdermis into muscle tissue at
depths exceeding 2.5 mm. At higher near-infrared wavelengths (above 1000 nm),

penetration decreases again due to the increasing dominance of water absorption [75].

2.2.5 The PPG Signal: Components and Waveform Morphology

The PPG signal represents the time-varying intensity of light attenuated by tissue. This
attenuation has both a pulsatile and a non-pulsatile component, giving rise to the two
fundamental constituents of the PPG waveform. The direct current (DC) component
constitutes the largest portion of the signal and originates from the quasi-static
absorption by non-pulsatile structures: bone, muscle, connective tissue, venous blood,
and the baseline arterial blood volume. It also exhibits slow oscillations (below 0.5 Hz)
associated with respiration, sympathetic nervous system activity, and thermoregulatory
vasomotion. The alternating current (AC) component, superimposed on the DC
baseline, reflects the pulsatile arterial blood volume changes synchronous with each
heartbeat. Its amplitude is typically only 1-2% of the DC level. Since higher blood
volume corresponds to lower detected intensity, the signal is conventionally displayed

inverted, so that the systolic peak appears as an upward deflection [54].

Each cardiac cycle produces a single PPG pulse wave with a characteristic morphology
consisting of two phases. The anacrotic phase corresponds to the rapid increase in
blood volume during ventricular ejection, culminating in the systolic peak. The
catacrotic phase reflects the gradual decrease in blood volume; within it, a small
inflection known as the dicrotic notch marks aortic valve closure, often followed by a
secondary diastolic wave. The overall waveform morphology is shaped by cardiac
output parameters, vascular properties, respiratory modulation, autonomic nervous

system activity, and the presence of pathological conditions [76].

A well-documented effect is the change in PPG waveform associated with healthy

ageing. In young adults, the pulse wave exhibits a clear dicrotic notch and a prominent
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diastolic wave, reflecting good arterial compliance. With advancing age, increasing

arterial stiffness causes the reflected pressure wave to return earlier in the cardiac cycle,

merging with the forward-travelling systolic wave, progressively blurring the dicrotic

notch and attenuating the diastolic wave until a single dominant peak remains [18,76].

These age-related changes underpin the use of PPG pulse wave analysis for vascular

ageing assessment, a central topic of this thesis.
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Figure 2.9 A typical photoplethysmogram (PPG) pulse wave [76]
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Figure 2.10 PPG pulse waves: (i) at different locations around the body (healthy 25-year-old),

(ii) for healthy subjects of different ages; (iii) under different cardiovascular conditions [76]
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2.2.6 Established Clinical Applications

Since its inception, PPG has been adopted in a wide range of clinical and consumer
health applications. The versatility of this technique stems from the richness of
physiological information encoded in its waveform, combined with the simplicity and
low cost of the required hardware. The following paragraphs provide an overview of

the principal established applications.

Pulse oximetry remains the most widespread and clinically relevant application of PPG.
By exploiting the differential absorption of oxyhaemoglobin and deoxyhaemoglobin at
red and near-infrared wavelengths, pulse oximeters provide a continuous, non-invasive
estimate of arterial oxygen saturation (SpO:z). This measurement has become an
indispensable component of patient monitoring during anaesthesia, in intensive care
units, during post-operative recovery, and in neonatal screening for congenital heart
disease. The development of motion-resistant pulse oximetry has further expanded its

utility to ambulatory and wearable settings [77].

Heart rate monitoring is the simplest and most direct application of PPG. Since each
arterial pulse produces a corresponding peak in the PPG waveform, heart rate can be
derived by detecting the inter-beat interval. This application is now ubiquitous in
consumer wearable devices, including smartwatches and fitness trackers, where green-
wavelength reflectance PPG sensors on the wrist provide continuous heart rate data

during daily activities and exercise [78].

Blood pressure estimation using PPG has attracted considerable research interest as a
potential alternative to cuff-based sphygmomanometry. The most established approach
exploits pulse transit time (PTT), the time required for the arterial pulse wave to travel
between two measurement sites. Since PTT has a well-understood inverse relationship
with blood pressure, mediated by the pressure-dependent arterial compliance, it can be
calibrated to yield blood pressure estimates. PTT can be measured using the time delay
between an electrocardiogram (ECG) R-wave and a distal PPG pulse, or between two
PPG signals at different body sites. More recently, approaches based on pulse wave
analysis (PWA) have also been investigated, extracting morphological features from a
single PPG waveform that correlate with blood pressure changes. However, the
generalisability and clinical accuracy of these methods remain areas of active research

[79-81].
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Peripheral vascular disease (PVD) assessment is one of the earliest clinical
applications of PPG. By recording PPG waveforms from the toes or fingers, clinicians
can evaluate the adequacy of peripheral perfusion and detect the presence of occlusive
arterial disease. The amplitude, contour, and timing features of the peripheral PPG pulse
provide information about the patency of the arterial supply. Multisite PPG
measurements, comparing waveforms from the head, hands, and feet, have also been
developed for the simultaneous assessment of bilateral peripheral vascular function

[82,83].

Arterial stiffness and vascular ageing assessment using PPG is an increasingly active
area of investigation, and one that is central to the work presented in this thesis. PPG-
based approaches to arterial stiffness estimation include regional pulse wave velocity
measurement, where the transit time of the pulse wave between two PPG sensors placed
at known distances apart is used to calculate PWV. Additionally, PPG pulse wave
analysis methods extract morphological indices from the waveform that are sensitive to
changes in arterial compliance. Among these, the analysis of the second derivative of
the PPG signal (acceleration plethysmography, APG) has been shown to provide
indices that correlate with arterial stiffness and vascular age, as will be discussed in

detail in Section 2.3 [84-87].

Other notable applications include respiratory rate estimation from the modulation of
the PPG signal by breathing, autonomic function assessment through heart rate
variability analysis derived from PPG inter-beat intervals, venous assessment for the
detection of venous insufficiency and reflux, and anaesthesia and surgical monitoring
where PPG-derived perfusion indices provide information about peripheral
haemodynamic status. The recent integration of PPG sensors into smartphones,
smartwatches, and other wearable platforms has further expanded the range of potential
applications, enabling continuous, long-term, out-of-hospital monitoring of
cardiovascular health parameters that were previously accessible only in clinical

settings [88-90].
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2.3 Photoplethysmography Signal Processing and Analysis

2.3.1 Signal Processing Fundamentals

The processing of a raw PPG signal is conventionally organised as a sequential pipeline
encompassing preprocessing, pulse segmentation, feature extraction, and, depending on
the application, parameter estimation. Although the specific implementation varies
across studies, the community has converged on a set of shared principles, systematised
in recent comprehensive reviews [76,91]. Figure 2.11 summarises the pipeline adopted

in this thesis.

Raw PPG Signal Preprocessing and Filtering Pulse Wave Segmentation \

l

Fiducial Points Identification

Biomarker engineering

[ PPG ] [ PPG’ J

General Calculate sp; on, dn; off My N W

Statistics Biomarkers PPG” PPG"”’
a, bl c, dl e, f pll Pz

Figure 2.11 Pipeline for continuous PPG time series analysis. The terms PPG’, PPG”, and
PPG’” correspond to the first, second, and third derivatives of the PPG signal, respectively.

The first stage of preprocessing aims to attenuate noise and interferences while
preserving the morphological content of the waveform. Digital filtering is universally
employed, since most sources of noise, such as high-frequency electronic noise and
low-frequency baseline drift caused by respiration and vascular movement, lie outside
the cardiac spectral range, which is concentrated approximately between 0.5 and 15 Hz,
with most of the signal energy contained in the first four harmonics of the fundamental
heart rate [92].

Two families of filters are most commonly used: Finite Impulse Response (FIR) filters
and Infinite Impulse Response (IIR) filters. FIR filters are intrinsically stable and have
a linear phase response, which preserves the timing relationships between waveform
features but requires a relatively high filter order to achieve sharp transitions. IIR filters
achieve equivalent frequency selectivity with a lower order, and therefore with lower

computational cost, at the price of a non-linear phase response that can shift and distort
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pulse morphology [93,94]. Among IIR designs, the Butterworth, Bessel, Elliptic, and
Chebyshev Type I and II responses are the most widely adopted [91].

The choice of filter type has been explicitly addressed by two recent and highly relevant
studies. Liang et al. [92] systematically compared ninety combinations of filter type and
order on short PPG records, and identified the fourth-order Chebyshev Type Il bandpass
filter as providing the best trade-off between noise attenuation and morphological
preservation. This result was independently confirmed by Lapitan et al. [91], who
quantified the waveform distortions introduced by five IIR filter families across three
filter orders, using the skewness signal quality index, the reflection index, and the
ejection-time compensated as distortion metrics. Their study confirmed that
Butterworth, Bessel, Elliptic, and Chebyshev Type I filters behave similarly in
preserving pulse morphology, whereas the Chebyshev Type II filter shows an
ambiguous behaviour: the second-order version introduces severe waveform distortions
(including the loss of the dicrotic notch), while the fourth-order and sixth-order versions
strongly enhance signal quality as measured by skewness. Based on this combined
evidence, the experimental work presented in Chapters 5, 6, and 7 of this thesis adopts
a fourth-order Chebyshev Type II bandpass filter with a passband of 0.5-8 Hz and a
stopband attenuation of 20 dB for PPG preprocessing.

The selection of cut-off frequencies represents a compromise between noise rejection
and waveform preservation. No universal standard exists, but the empirical consensus
places the lower cut-off between 0.05 and 0.5 Hz to remove baseline wander without
attenuating the diastolic component and the upper cut-off between 8 and 20 Hz, to
suppress high-frequency noise while preserving the inflection points needed for
derivative analysis [76,95]. A further consideration concerns phase distortion: when the
cut-off frequencies approach the dominant harmonics of the PPG, IIR filters introduce
non-negligible group delays that can reach hundreds of milliseconds and shift the
position of fiducial points [91,96].

Once the signal has been filtered, the next stage consists in the identification of
individual cardiac cycles. Systolic peak detection is commonly performed through
adaptive thresholding, zero-crossing of the first derivative, slope-sum functions, or
through wavelet-based and machine-learning approaches [97-99]. Once the onset and
the peak of each pulse have been located, the waveform can be segmented into

individual beats for subsequent analysis.
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2.3.2 Factors Influencing PPG Signal Quality

The accuracy of any measurement derived from PPG is ultimately determined by the
quality of the acquired signal, which in turn is influenced by a diverse set of parameters.
These can be grouped into three broad categories, namely physiological, technical, and
environmental [100]. Understanding and, where possible, controlling these factors is a
prerequisite for the clinical and research use of PPG, and was an explicit objective of
part of the experimental work carried out during this doctoral project [101-103].

The most fundamental physiological determinant of PPG signal amplitude is the
pulsatile blood volume itself, which in turn depends on cardiac output, vascular tone,
and local perfusion. Peripheral vasomotion introduces low-frequency modulations of
the DC baseline at frequencies typically below 0.1 Hz. Respiration superimposes three
distinct modulations on the PPG signal: baseline wander, amplitude modulation, and
frequency modulation, whose combined effect can distort morphological features if not
properly filtered out [104,105]. With advancing age, the dicrotic notch gradually
diminishes and the prominence of the late systolic and early diastolic components of
the pulse wave decreases, as already explained in Section 2.2.5; this phenomenon
directly justifies the use of derivative-based analysis for vascular assessment [106].
Skin pigmentation, quantified through the Fitzpatrick scale, affects light absorption by
epidermal melanin and has been shown to reduce the signal-to-noise ratio and to
increase heart-rate estimation errors in subjects with darker skin tones, particularly
during physical activity [107,108].

Among the technical determinants of PPG quality, the sensor-to-skin contact pressure
is one of the most critical and least standardised. Two opposite extremes can be
identified: an insufficient contact pressure allows external light to reach the
photodetector, promotes motion artifacts, and results in a non-optimal optical coupling;
conversely, an excessive contact pressure compresses the underlying capillary bed,
altering the very quantity being measured and distorting the pulsatile component
[109,110]. Other technical factors include the choice of wavelength (see Section 2.2.4),
the optical configuration (transmission versus reflectance) and the stability of the
analogue front-end and of the analogue-to-digital converter.

The measurement site can also be considered a strictly technical choice, given its
decisive influence on signal morphology and clinical interpretation. The fingertip
provides a high-amplitude pulsatile signal, thanks to the finger’s dense terminal

vascular network, but is less suitable for continuous monitoring via wearable devices.
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The wrist, which has become the standard site for commercial wearable devices, offers
the opposite trade-off: comfort and acceptability at the cost of a more attenuated and
morphologically variable signal, since the radial and ulnar arteries lie beneath multiple
layers of connective tissue and tendons [111,112]. The earlobe, forehead, and toes
represent niche alternatives used in specific clinical contexts.

Among the most common external factors is motion-induced noise, which is widely
regarded as the primary source of interference affecting PPG signals, particularly in
wearable and sports applications [57,113]. Large-scale body movements, tremors,
coughing and even speech can produce signal distortions that cover the same frequency
range as physiological variations, making filter-based removal only partially effective.
A wide range of mitigation strategies has been proposed, including adaptive filtering
using reference signals from accelerometers or gyroscopes, independent component
analysis, empirical mode decomposition, wavelet denoising, and model-based

exclusion of poor-quality heartbeats [114—-117].

0 10 20 30 40 50 60 70
Time (in sec)

Figure 2.12 An instance of a motion-contaminated PPG signal (shown in red), obtained from
a smartwatch [117]
External temperature acts on the PPG signal through the physiological mechanism of
thermoregulatory vasomotion: cold exposure triggers peripheral vasoconstriction,
reducing blood volume in the microvascular bed and attenuating the pulsatile
component, whereas warmth induces vasodilation with the opposite effect. These
effects are particularly relevant in wearable and ambulatory contexts, where
environmental conditions cannot be controlled [118,119]. Ambient light pollution
represents a further environmental concern, since any external light reaching the
photodetector introduces spurious components into the signal; optically insulated probe
designs, differential acquisition schemes, and dedicated cancellation stages in the

readout circuitry have been proposed to mitigate this effect [58,120].
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2.3.3 Derivatives of the PPG Signal

Although the raw PPG waveform carries a remarkable amount of physiological
information, several clinically relevant inflection points are subtle and difficult to
identify by visual inspection, particularly in older subjects or in the presence of reduced
arterial compliance [121-123]. The mathematical differentiation of the PPG signal
represents a powerful and well-established strategy to overcome this limitation:
successive derivatives progressively amplify local changes in curvature, transforming
barely visible shoulders and inflections of the original waveform into clearly detectable
extrema. The historical introduction of derivative analysis dates back to Ozawa, who in
1972 and 1978 first demonstrated that the first and second derivatives of the PPG carry
characteristic waveform features that facilitate the interpretation of the original signal,
as retrospectively reported by Takazawa et al. [124]. This section describes the three
most commonly used PPG signal derivatives and the numerical strategies employed to
calculate them reliably. Figure 2.13 illustrates the progressive amplification of

morphological details across the hierarchy of derivatives.
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Figure 2.13 Photoplethysmographic waveform and its successive time-derivatives. (4) PPG

signal; (B) first derivative (VPG),; (C) second derivative (APG), (D) third derivative (JPG).
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The first derivative of the PPG signal, also known as the Velocity Plethysmogram
(VPQG), represents the rate of change of blood volume in the microvascular bed and,
under the standard haemodynamic assumptions, is proportional to the local blood flow
velocity. The VPG typically exhibits three prominent features: a positive peak (u-peak)
corresponding to the maximum systolic upslope, a negative peak (v-peak) associated
with the minimum slope point in late systole, and a second positive peak (w-peak)
associated with the maximum slope in diastole [125]. The morphology of the VPG can
be used in pulse onset detection algorithms and in the estimation of pulse transit time

through maximum-slope methods [126].

The second derivative of the PPG signal was brought to the attention of the international
scientific community by the seminal work of Takazawa et al. in 1998, who
demonstrated its clinical utility for the non-invasive assessment of vascular ageing and
of the effects of vasoactive agents [124]. It is referred to in the literature by several
names, including Second Derivative Photoplethysmogram (SDPPG, also abbreviated
SDPTG in the original work) and Acceleration Plethysmogram (APG). Following the
terminological recommendation of Elgendi [127], this thesis adopts the APG notation
consistently. From a physical standpoint, the APG expresses the rate of change of the
velocity of blood volume and thus represents a proxy for the local acceleration of
peripheral blood flow. From a morphological standpoint, the APG highlights five
characteristic deflections, conventionally labelled a, b, ¢, d, and e, that are directly
linked to specific phases of the cardiac cycle [128]. These waves and the algorithms
used to detect them are described in detail in Section 2.3.4.

The third derivative of the PPG signal, although it has received less attention than the
APQG, has established itself as a useful complement for the detection of landmarks and
features in the PPG signal. The third derivative, known as the Jerk Plethysmogram
(JPG), physically represents the rate of change of acceleration [129]. The usefulness of
this higher-order derivative stems from a fundamental mathematical property: the
points where the JPG crosses zero correspond, by definition, to the maxima and minima
of the APG. When the morphology of the APG is not well defined, as is frequently the
case for waves ¢ and d in older subjects, the JPG can provide independent confirmation
of the position of the corresponding reference points [130]. This multi-derivative
strategy offers a robust framework for landmark detection across a wide range of age

groups and clinical conditions [131].
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2.3.4 APG Waveform, Fiducial Points and Clinical Interpretation

The APG waveform, obtained as the second derivative of the filtered PPG signal,
exhibits a characteristic morphology consisting of five distinct deflections representing
the APG fiducial points. Each wave reflects a specific haemodynamic event and
provides complementary information on the structural and functional status of the

arterial tree [132].
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Figure 2.14 Schematic representation of the PPG waveform (top) and its corresponding

™~
[

second derivative (bottom) with the five characteristic fiducial points a, b, ¢, d, and e [132].

The a wave is the first and most prominent deflection of the APG and corresponds to a
pronounced positive peak. Physiologically, it marks the onset of systole and coincides
with the maximum acceleration of blood flow at the beginning of ventricular ejection,
as the aortic valve opens and the pressure pulse propagates along the arterial tree.
Because of its amplitude and its robust morphological signature, the a wave is used as
the reference amplitude for the normalisation of all the other fiducial points and is
conventionally identified as the global maximum of the APG within each cardiac cycle.
The b wave is the first negative deflection of the APG and typically represents the global
minimum of the waveform. It corresponds to the rapid deceleration of blood flow that
follows the initial systolic acceleration, occurring when the forward pressure wave is

counterbalanced by peripheral resistance and by the early-returning reflected waves.
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The ¢ wave is a smaller positive deflection that appears after the b wave and is

physiologically attributed to the re-acceleration of blood flow caused by reflected

waves arriving from the peripheral circulation. Its amplitude is strongly modulated by

arterial compliance: stiffer arteries generate earlier and larger reflected waves, which

alter both the timing and the magnitude of the c wave. The d wave is the second negative

deflection of the APG, occurring shortly after the ¢c wave. It represents the late systolic

re-decrement wave, related to the timing and magnitude of the reflected waves. Finally,

the e wave is the third positive deflection of the APG, associated with the dicrotic notch

and closure of the aortic valve.
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Figure 2.15 Three-case classification of the APG morphology. (4) APG segment evaluated

between the b and e waves; (B) identified c and d fiducial points; (C) corresponding JPG

waveform used as auxiliary reference. In Case I the c and d waves are absent from the APG

and are recovered from JPG zero-crossings and extrema, in Case Il they are faintly present

and estimated around the second minimum of the JPG; in Case Il they are prominent and

identified directly on the APG [130].
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In subjects with good arterial compliance, typically young and healthy, all five waves
are clearly distinguishable, and the a, b, c, d, e sequence is fully preserved. However,
recent studies have shown that the morphological clarity of the APG signal decreases
with age, and in the presence of cardiovascular disease, the ¢ and d waves progressively
flatten until they can no longer be reliably identified. Abdullah et al. [130] classified
this pattern as “Case 17, characterised by the absence of prominent c- and d-waves in
the APG signal, and proposed a multi-derivative detection strategy that utilises the first

and third derivatives of the PPG signal to identify the corresponding fiducial points.

From the amplitudes of the five fiducial points, a family of dimensionless indices has
been defined to quantitatively characterise the state of the arterial tree. These indices,
conventionally referred to as APG indices, constitute the primary analytical tools
adopted in Chapters 5, 6, and 7 of this thesis for the non-invasive assessment of vascular
ageing. Their mathematical formulation, introduced by Takazawa et al. [124], and their

clinical interpretation are summarised in Table 2.1.

Table 2.1 APG indices: mathematical formulation and clinical interpretation.

Index Formula Clinical Interpretation

‘ Increases with age. Indicator of increased arterial stiffness and

b/a ratio b+a _ o . .
reduced distensibility of peripheral arteries [132,133]

) Decreases with age. Reflects the late systolic component and

c/aratio c+a ‘
vascular compliance [124]
Decreases with age. Reflects the increase in late systolic
d/a ratio d+a pressure in the ascending aorta caused by peripheral reflected
waves [134]

) Decreases with age. Reflects diastolic function and the dicrotic

e/a ratio e~a

wave amplitude. [128]

AGI (b—c—d—e) ~ a | Increases with age. Useful for screening for atherosclerosis and

The most comprehensive index for assessing vascular ageing.

cardiovascular risk stratification [135]
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Chapter 3 — State of the Art

3.1 Non-Invasive Methods for Arterial Stiffness Estimation

Over the last three decades, the evolution of arterial stiffness from a haemodynamic concept
to a clinically applicable biomarker has driven the development of a diverse range of non-
invasive techniques. These methods differ in terms of the segment of the arterial tree
analysed (regional, local or systemic), the physical transducer used (tonometric,
piezoelectric, oscillometric, ultrasound, magnetic resonance or optical) and the underlying
assumptions linking the measured parameter to wall mechanics.

The landscape is defined by three authoritative consensus documents that continue to guide
all subsequent validation activities: the original European expert consensus on arterial
stiffness [136], the Artery Society’s methodological standard for measuring carotid-
femoral pulse wave velocity (cfPWV) [137] and the American Heart Association’s
scientific statement on the standardisation of vascular research [138]. These documents
have recently been supplemented by the 2018 and 2024 guidelines of the European Society
of Cardiology / European Society of Hypertension, which established a cfPWV threshold
of 10 m/s as a marker of hypertension-mediated organ damage [40,139], and by the 2024
joint VascAgeNet/ARTERY recommendations for the validation of non-invasive PWV
measurement devices [140], which codify device-independent validation requirements and
formalise the concept of early vascular ageing as a clinical endpoint.

Building on the fundamentals of haemodynamic and wall mechanics introduced in 2.1.3,
the present section reviews the state of the art of non-invasive arterial stiffness estimation
from three complementary perspectives. Sub-section 3.1.1 surveys the conventional
clinical techniques that currently populate the diagnostic landscape and that represent, at
the time of writing, the reference against which any new device must be validated. Sub-
section 3.1.2 focuses on the photoplethysmography-based family of approaches, which,
unlike tonometric and oscillometric devices, can be implemented through low-cost,
operator-independent, and miniaturised sensors suitable for wearable and ambulatory
deployment. Sub-section 3.1.3, finally, provides a dedicated critical review of the second
derivative of the PPG signal (APG) as a surrogate of vascular ageing, which constitutes the

principal analytical tool of Chapters 5, 6, and 7 of this thesis.
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3.1.1 Conventional Techniques

The clinical landscape for non-invasive arterial stiffness assessment is articulated
around three measurement scales, namely regional, local and systemic, each populated
by specific device families with distinct physical principles, accuracy profiles and
operational constraints. As outlined in Section 2.1.3, regional carotid—femoral pulse
wave velocity (cfPWYV) constitutes the methodological reference and is operationalised
by recording the foot-to-foot transit time of the pressure wave between the carotid and
femoral sites, dividing it by 0.8 times the direct surface distance to approximate the
aortic path length [141]. Age- and blood-pressure-stratified reference values from
16,867 subjects pooled across thirteen European centres provide the normative
framework against which all subsequent device-specific validations are now
benchmarked [142].

Within the tonometric family, the SphygmoCor system (AtCor Medical) implements
ECG-gated sequential applanation tonometry and remains the most widely cited
platform in epidemiological cohorts, including the Framingham Heart Study [143]. Its
hybrid evolution, the SphygmoCor XCEL, combines a brachial cuff with carotid
tonometry and extends the technique to operators without specialised training [144].
The PulsePen device (DiaTecne) adopts either a single ECG-gated tonometer or a dual-
tonometer simultaneous configuration, with reported short-term coefficients of
variation of 8.0% and 5.8%, respectively [145,146]. Piezoelectric solutions such as the
Complior system (Alam Medical) acquire carotid and femoral mechanograms
simultaneously through piezoelectric transducers and apply a second-derivative foot-
detection algorithm; their cfPWV values are systematically about 2 m/s higher than
SphygmoCor estimates, a discrepancy historically traceable to differences in distance
conventions and now of central importance for cross-device comparability [147].
Oscillometric cuff-based devices, including the Mobil-O-Graph (IEM) and the
Arteriograph (TensioMed), reconstruct the central aortic waveform from brachial
pressure pulses through proprietary transfer functions and anthropometric path-length
assumptions. Although operator-independent and well suited for ambulatory
monitoring (with reported coefficients of variation around 3.4% for Mobil-O-Graph),
they tend to underestimate cfPWV by 0.5-0.6 m/s relative to tonometric references and
exhibit only moderate Bland—Altman agreement, supporting their use as population-
level screening tools rather than individual diagnostic substitutes [148,149]. The

pOpmetre (Axelife), a piezoelectric—photoelectric hybrid that estimates finger-to-toe
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PWYV from two optical sensors and a height-based path length, has shown moderate
concordance with SphygmoCor (R? = 0.43) and intra-session CV of 4.5%, positioning
it as a simplified primary-care tool [150].

Beyond cfPWYV, brachial-ankle PWV (baPWV), measured with four-cuff oscillometric
systems (Omron Colin, VaSera), is predominant in East Asian cardiovascular cohorts;
the J-BAVEL individual-participant meta-analysis of 14,673 subjects has documented
a hazard ratio of 3.50 for cardiovascular events in the highest versus lowest quintile
[151,152]. The Cardio-Ankle Vascular Index (CAVI), derived on the VaSera platform
by combining the Hayashi f stiffness parameter with the Bramwell-Hill formulation
introduced in Section 2.1.3, was specifically engineered to be mathematically
independent of the instantaneous blood pressure at which the measurement is taken
[153,154]. Recent meta-analyses have confirmed its prognostic value for incident
cardiovascular and renal outcomes [155], although methodological work has proposed
the refined CAVIo formulation to address residual blood-pressure dependence [156].
At the local scale, ultrasound echo-tracking and ultrafast ultrasound imaging provide
simultaneous estimates of carotid distensibility, Peterson’s elastic modulus and -
stiffness, with age- and sex-specific reference values now available from cohorts of
more than 1,800 healthy subjects [157]. At the imaging end of the spectrum, 4D-flow
magnetic resonance imaging delivers global and regional aortic PWV with inter-
observer coefficients of variation around 7%, but its cost and acquisition time confine
it to research applications [158]. Pulse wave analysis (PWA), finally, derives the
augmentation index (Alx) and the central aortic pressure waveform from radial
tonometry through a generalised transfer function: Alx is a systemic descriptor of wave
reflection rather than a pure stiffness marker, depends strongly on heart rate and
provides prognostic information independent of cfPWV [159].

The heterogeneity of these methods, combined with the systematic biases observed
across devices, has long undermined the cross-comparability of stiffness measurements
obtained in different clinical settings. The 2024 VascAgeNet/ARTERY consensus on
the validation of non-invasive PWV devices [140] explicitly addresses this issue by
codifying study design, reference standards and acceptance limits, and represents the
methodological framework against which any new technology, including the PPG-

based approaches developed in this thesis, must now be evaluated.
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3.1.2 PPG-Based Approaches

The PPG waveform encodes both timing and morphological information that, suitably
extracted, mirrors the haemodynamic phenomena exploited by tonometric devices and
motivates the use of PPG as a low-cost, miniaturisable surrogate for arterial stiffness
assessment. Four methodological families have crystallised over the last two decades.
The first family is grounded on global descriptors of the digital volume pulse contour.
Millasseau et al. [160] introduced the Stiffness Index (SI), defined as the ratio between
subject height and the temporal delay (AT) between the systolic peak and the late-
systolic/diastolic peak of the finger volume pulse, on the rationale that AT reflects the
round-trip transit time of the pressure wave from the ascending aorta to the lower-body
reflecting sites [161]. In 87 normotensive subjects, SI correlated with tonometric
cfPWV (r = 0.65), tracked age and mean arterial pressure with comparable regression
slopes and responded coherently to glyceryl-trinitrate challenge, although an
independent multi-device comparison reported a more modest correlation (r=0.55) and
a bias of —1.12 + 4.92 m/s against the dual-tonometer reference [160,162]. The
complementary Reflection Index (RI), defined as the amplitude ratio between the
diastolic and systolic peaks [163], quantifies the magnitude of wave reflection and has
been shown to be modulated by endothelial and endothelium-independent vasodilators
and to be blunted in type Il diabetes [164]. The clinical relevance of these contour-based
indices has been confirmed at population scale by the UK Biobank analysis of 169,613
participants, in which the Arterial Stiffness Index, a PulseTrace-derived variant of SI,
independently predicted incident cardiovascular events and all-cause mortality [165].
The second family is based on transit-time estimates. Pulse arrival time (PAT) is
computed from the ECG R-peak to the PPG foot at a single peripheral site and is
contaminated by the pre-ejection period, which is itself modulated by sympathetic tone;
PAT is therefore only an approximate surrogate of true arterial transit time [166,167].
Multi-site pulse transit time (PTT) configurations, derived between two PPG sensors
placed at known distances along the arterial tree (typically finger—toe, ear—finger or
forehead—toe), bypass the pre-ejection period and have been shown to discriminate
atherosclerotic from healthy subjects in a substantial fraction of the parameters
extracted [168,169]. Dedicated multi-channel PPG systems and head-to-toe
configurations correlate strongly with SphygmoCor XCEL cfPWV and meet the Artery
Society validation thresholds [170]. The in vitro results obtained as part of this doctoral

project further confirm the feasibility of estimating pulse wave velocity (PWV) using a
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pair of PPG sensors positioned on the surface of silicone phantom models with different
mechanical properties to simulate different physiological conditions, operating within
a controlled simulated circulatory circuit that reproduces the Moens-Korteweg
relationship, a topic that will be explored in greater depth in Chapter 4.

The third family, single-site pulse contour analysis, exploits morphological features of
the PPG waveform and of its derivatives. Beyond the SI/RI dichotomy [171], several
timing- and area-based parameters have been investigated, including the crest time, the
inflection-point area ratio (A2/A., correlated with total peripheral resistance) and the
composite [IPAD index [128,172], which combines the inflection-point area with the d-
peak of the second derivative and reaches r = 0.56 with chronological age, the highest
reported among 24 indices systematically tested by Ahn [173]. Complexity-based
descriptors such as multiscale entropy and Higuchi/Katz fractal dimensions have also
been shown to correlate with blood pressure and to outperform heart rate variability as
haemodynamic indicators [174,175]. The role of the second derivative itself, which
provides the most extensively validated subset of single-site PPG indices, is treated
separately in Section 3.1.3.

The fourth family is driven by machine learning and wearable deployment. Lasso
regression and gradient-boosted tree models trained on finger or wrist PPG features
have been reported to predict cfPWV with root-mean-square errors in the 0.5-0.75 m/s
range, approaching the reproducibility limit of the reference devices [176]. Deep
convolutional networks trained on raw PPG from large epidemiological cohorts yield a
data-driven vascular age that independently predicts coronary events, heart failure and
all-cause mortality over follow-up periods of up to ten years [177,178]. In parallel, the
methodological frontier has shifted towards remote photoplethysmography (rPPG), in
which the pulsatile signal is reconstructed from the RGB time series of a facial video
captured by a standard smartphone or webcam, eliminating the need for any contact
transducer [179]. The reliability of rPPG critically depends on the suppression of
motion- and illumination-related artefacts, and recent work by Elgendi, Martinelli and
Menon has identified the signal-to-noise ratio index (NSQI < 0.293) as the optimal
single-feature quality metric, enabling low-complexity isolation of high-quality cardiac
information directly on portable devices [180]. Taken together, the convergence of
supervised feature extraction, deep-learning vascular-age regression and standardised
quality screening is progressively closing the gap between traditional reference devices

and ubiquitous, low-cost optical platforms.

Gianluca Diana 36



Chapter 3 — State of the Art

3.1.3 Second Derivative of the PPG Signal for Vascular Assessment

The second derivative of the PPG signal, alternatively termed APG, SDPPG or SDPTG
in the older Japanese literature, occupies a privileged position in the methodological
landscape outlined above because, unlike timing-based methods, it directly exposes the
inflection points of the arterial pressure wave and, unlike SI or RI, is largely
independent of absolute amplitude calibration. The morphological structure of the APG
(waves a, b, ¢, d, e), the dimensionless indices derived from it (b/a, c/a, d/a, e/a, AGI)
and their physiological interpretation have been introduced in Section 2.3.4; the present
section reviews the validation landscape that has cemented the APG’s role as a
surrogate of vascular ageing.

The seminal study by Takazawa et al. [ 124] remains the benchmark against which every
subsequent investigation is framed. In the first part of their study, authors enrolled 39
patients in whom simultaneous ascending-aortic pressure and fingertip APG were
recorded during pharmacological perturbation: intravenous angiotensin increased
central blood pressure from 126/74 to 160/91 mmHg and drove d/a from —0.40 + 0.13
to —0.62 + 0.19, whereas sublingual nitroglycerin produced the opposite excursion to
—0.25 £0.12 (p < 0.001), demonstrating that d/a tracks central pressure modulation in
a physiologically predictable way. A complementary epidemiological investigation,
conducted on 600 subjects evenly distributed across age decades, established the AGI
as correlated with chronological age at r = 0.80 and significantly elevated in 126
subjects with diabetes, hypertension, hypercholesterolaemia or ischaemic heart disease
relative to age-matched controls, providing a dual mechanistic-epidemiological
foundation for APG-based vascular ageing assessment [124].

Cross-sectional cohorts have consistently confirmed the age-related drift of APG
indices: b/a becomes progressively less negative (i.e. increases) with age, whereas c/a,
d/a and e/a decrease, and the composite AGI rises. Among these studies, the Korean
community study of 300 subjects has quantified these slopes (b/a = +0.0045 yr'; d/a =
—0.0062 yr'; AGI = +0.0162 yr') and identified systematic sex differences, with
women exhibiting higher b/a and AGI [181]. Otsuka’s community study of 211 subjects
reported correlations of b/a with the Framingham risk score up to r = 0.54 in women
and negative correlations of d/a up to r = —0.58 [133]. Notably, the age-dependence
inverts in children and adolescents, where b/a and AGI decrease with age up to about
20 years because vessel growth dominates over wall stiffening in that interval,

underlining the composite physiological nature of these indices [182].
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In hypertensive populations, APG indices behave as proxies for target-organ damage.
Imanaga linked lower |b/a| to higher carotid intima—media thickness and to direct
carotid distensibility, providing the first mechanistic bridge between APG and local
wall mechanics [183]. In a study of 973 middle-aged men, Otsuka identified
hypertension (OR 1.65), dyslipidaemia (OR 1.51) and impaired fasting glucose (OR
2.43) as independent determinants of elevated b/a, with hypertension as the strongest
modifier of d/a (OR 3.44) [184]. Baek introduced a simplified (b—e)/a variant to address
the frequent disappearance of the c and d waves in older subjects, improving robustness
in elderly and hypertensive cohorts [185].

The decisive comparative benchmark against cfPWV was set by Bortolotto in 524
essential hypertensives, 140 of whom exhibited atherosclerotic vascular alterations
[186]. While cfPWV discriminated atherosclerotic status across all ages, the APG-
derived index retained discriminatory power only beyond the sixth decade, positioning
APG as a complementary rather than substitutive index, a conclusion reinforced in the
Ohasama cohort, where APG and baPWV captured information from partially distinct
arterial beds [187]. The prognostic stature of APG was cemented by the longitudinal
study of 4,373 Japanese women followed for a median of nine years, in which d/a
emerged as an independent predictor of cardiovascular mortality after adjustment for
classical risk factors and, unlike augmentation-index-based markers, retained age-
informativeness in older women [134].

Recent methodological advances have increasingly shifted from manual fiducial-point
identification to data-driven feature extraction. Elgendi’s event-related thresholding
algorithm improved a- and b-wave detection against nine fixed-threshold methods on
1,540 heat-stressed beats [188]; Dall’Olio demonstrated that a twelve-layer ResNet and
a ridge-regression model based on only two hand-crafted features (the SDPPG a-wave
amplitude and the time to reflected wave) both achieved AUC = 0.95 for healthy-
vascular-aging classification on smartphone PPG [189]; convolutional networks trained
directly on the raw PPG waveform localise the systolic peak as the most informative
region and outperform hand-crafted APG indices in predicting vascular age [190].
Together, these results consolidate the APG signal as one of the most robust and
physiologically interpretable surrogates of vascular ageing accessible from a single
PPG channel and set the methodological foundation for the experimental work

presented in Chapters 5, 6 and 7 of this thesis.
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3.2 Other Vascular and Cardiovascular Applications of PPG

The methodological landscape reviewed in Section 3.1 has crystallised around vascular
ageing and arterial stiffness because these endpoints have driven the clinical translation of
pulse-wave analysis over the past two decades. The same waveform, however, encodes
haemodynamic information that goes well beyond wall mechanics, and a non-negligible
body of work has progressively extended PPG to a broader set of cardiovascular outcomes.
The applications outlined below are not intended as an exhaustive review, but rather as a
concise overview of how the photoplethysmographic waveform, beyond its established role
in pulse oximetry, encodes a richer set of haemodynamic features that have progressively
been exploited across multiple downstream applications.

Established clinical applications of PPG, namely pulse oximetry, heart-rate monitoring,
peripheral perfusion assessment and respiratory-rate estimation, have already been outlined
in Section 2.2.6 and are not revisited here. More recent investigations have extended PPG-
derived features to atrial fibrillation screening on wearable devices [191-193], cuffless
blood-pressure estimation through pulse transit time and machine-learning regression on
single-channel waveforms [194,195], autonomic-function assessment via pulse-rate
variability [123,196], and the screening of valvular and structural heart conditions, where
preliminary evidence has shown that PPG morphology can capture the haemodynamic
signature of aortic stenosis and regurgitation at population scale [197,198].

Within this expanding spectrum, the monitoring of transcatheter heart valves (THV)
represents a particularly relevant emerging application. The progressive extension of
transcatheter aortic valve implantation (TAVI) to younger and lower-risk patients, together
with the limited durability of bioprosthetic leaflets and the residual risk of subclinical leaflet
thrombosis [199], has motivated the search for non-invasive, continuous monitoring
strategies that may complement intermittent imaging-based follow-up. In this context, the
initial in vitro results from this doctoral project have shown that a pair of PPG sensors
positioned on the surface of a flexible aortic model containing a transcatheter device can
determine the geometric area of the orifice using regression models and identify conditions
of reduced leaflet mobility with high classification accuracy [200,201]; this complementary
line of work, which extends the in vitro PPG methodology beyond vascular ageing, will be

briefly revisited in Section 4.5.
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Chapter 4 — In Vitro Study: Arterial Stiffness Estimation Using
PPG Sensors

4.1 Introduction and Study Objectives

The state of the art reviewed in Chapter 3 has documented an extensive PPG-based research
effort directed towards the indirect characterisation of arterial stiffness, which has
consolidated around a relatively small set of waveform-derived surrogates: the Stiffness
Index, the Reflection Index, the Augmentation Index, the timing-based pulse transit time
and the morphological indices computed from the second derivative of the PPG signal.
These quantities have been extensively validated against tonometric and oscillometric
references and have shown clinically informative correlations with chronological age and
with cardiovascular outcomes. None of them, however, returns the mechanical property of
interest (Young’s modulus E), and none allows a direct comparison with the gold-standard
mechanical characterisation of the vessel wall, namely the uniaxial tensile test.

This methodological gap motivates the in vitro study presented in this chapter. The
rationale rests on three considerations. Firstly, a direct estimate of E provides a transparent
and physically interpretable indicator of vascular stiffness, free from the device-specific
biases that affect surrogate indices. Secondly, the only feasible way to validate any PPG-
based estimate of E against an independent mechanical reference is to operate in a
controlled environment where the wall material can be sampled and tested ex situ, a
condition that no in vivo experiment can satisfy. Thirdly, the very few studies that have
attempted a direct E estimation from PPG, such as those of Fuiano et al. with LVDT sensors
[202] and of Njoum and Kyriacou with the volumetric elastic modulus [203], have
employed either a single phantom geometry or surrogate sensors, leaving open the question
of whether a pair of conventional optical PPG sensors can recover E across a clinically
relevant range of vessel mechanical and geometric properties.

Within this framework, the study presented in this chapter, originally published as Diana
et al., Sensors 2025 [204], and previously introduced as a conference contribution [205],
pursued three specific objectives:

(1) to demonstrate, on a custom-designed mock circulatory loop, that a pair of low-cost PPG
sensors is capable of determining Young’s modulus using the Moens—Korteweg equation,

across four silicone phantom models with different geometric (radius, wall thickness) and
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mechanical (E ranging from approximately 2 to 6 MPa) properties, selected to simulate
different physiological and pathological conditions of blood vessels;

(i1) to identify the optimal inter-sensor distance for PTT estimation, by systematically
comparing three distances (10, 15 and 20 cm) compatible with peripheral anatomical sites,
such as the forearm;

(ii1) to validate the PPG-derived estimates of E against the reference value obtained from
uniaxial tensile testing of the same silicone material, using both standard error analysis and
the Bland—Altman framework.

To the best of the author’s knowledge, no previous study has combined these three elements
(direct E estimation through Moens—Korteweg, multi-distance sensor placement, and

tensile-test validation across multiple phantom geometries) in a single experimental design.

4.2 Experimental Setup Design

The experimental setup was designed to reproduce, under controlled and repeatable
conditions, the haemodynamic environment in which a peripheral arterial segment
operates, while preserving the optical and mechanical conditions required for reliable PPG
acquisition. The architecture of the mock circulatory loop is shown schematically in Figure
4.1 and consists of six main components connected through silicone tubing and standard
plastic connectors.

Pulsatile flow was generated by a pulsatile linear pump (P01-48x360F, LinMot,
Spreitenbach, Switzerland), whose piston stroke and frequency were programmed via the
LinMot Talk software (v6.7) to reproduce the systolic and diastolic phases of a
representative cardiac cycle. The pump was set to a frequency of approximately 90 cycles
per minute and a cardiac output of 5 L/min. Downstream of the pump, an adjustable
compliance chamber, based on a spring-mounted piston, reproduced the Windkessel
buffering of the central circulation. The instantaneous flow rate was monitored by an
electromagnetic flowmeter (Optiflux 5300C, Krohne, Duisburg, Germany), and the
systemic pressure was measured by a commercial pressure transducer (X5072 Druck, GE
Measurement & Control, Italy) connected to the circuit immediately upstream of the
silicone model. An adjustable valve placed at the outlet of the silicone phantom allowed
the operator to modulate peripheral resistance and to maintain the cycle pressure within the
target range of 70—120 mmHg, consistent with normal systolic—diastolic values.

The test segment was a replaceable, 50-cm-long cylindrical silicone phantom, available in

four variants designed to span a clinically relevant range of mechanical and geometric
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properties. The four phantoms differed in internal radius (4.0—8.0 mm) and wall thickness
(1.0-2.0 mm), and their nominal Young’s modulus, characterised by uniaxial tensile
testing, as described in Section 4.3.3, ranged from approximately 2.1 MPa for the most
compliant model up to 5.6 MPa for the stiffest one. This range was chosen to cover both
healthy aortic-like values and the pathologically stiffened conditions, where an increase of

up to 60% in the elastic modulus has been documented in the presence of vascular disease.
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Figure 4.1 Experimental setup scheme. The numbers reported refer to the following

v

components. pulsatile pump (1), silicone tubes (2), compliance chamber (3), flowmeter (4),
pressure transducer (5), silicon phantom model (6), PPG sensors (7), adjustable valve (8),
Sfluid collector (9).

Signals were acquired by a pair of PPG sensors operating at 520 nm (DFRobot, Beijing,
China), the green wavelength most widely adopted in wearable devices for its favourable
trade-off between superficial vascular sensitivity and motion robustness. The two sensors
were tied around the silicone phantom by elastic bands ensuring a stable contact pressure
throughout each test, and the inter-sensor distance, defined as the photodetector-to-
photodetector separation, was set to one of three predefined values (10, 15 or 20 cm)
measured with a caliper (Universal vernier models; TESA Technology, Switzerland). The
selection of these three distances is discussed in Section 4.3.4.
The PPG signals, together with pressure and flow data, were acquired using a National
Instruments USB-6009 data-acquisition board at a sampling frequency of 5 kHz and
recorded in real time through a dedicated LabVIEW (v2021) acquisition pipeline. The fluid

used for the experiments was distilled water, approximately 3 L stored in the fluid collector.
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4.3 Methodology

The estimation of Young’s modulus from the acquired PPG signals required the sequential
application of three operations: extraction of the pulse transit time between the two PPG
sensors (Section 4.3.1), conversion of PTT into pulse wave velocity and inversion of the
Moens—Korteweg equation to obtain Young’s modulus (Section 4.3.2), and validation of
the optical estimates against an independent mechanical reference (Section 4.3.3).

Before any feature extraction, the raw PPG waveforms underwent a preprocessing step
consisting of a fourth-order Butterworth bandpass IIR filter with passband 0.5-5 Hz,
selected after a preliminary frequency-domain analysis aimed at preserving the
fundamental harmonics of the pulse while suppressing both baseline drift and high-

frequency electronic noise.

4.3.1 PTT Estimation: Peak-to-Peak and Tangent Methods

Two complementary approaches were implemented for the estimation of the pulse
transit time between the upstream and downstream PPG sensors, and their relative
performance was systematically compared. The peak-to-peak method identifies the
maximum of each pulse on both signals through the standard findpeaks algorithm and
computes PTT as the time difference between the corresponding fiducial points (Figure
4.2A). This approach is computationally efficient and easy to implement, and it
represents the most common choice in the in vitro PPG literature [126]. The tangent
method estimates PTT from the time difference between the points of maximum slope
on the ascending limb of the two waveforms (Figure 4.2B). Operationally, the maxima
of the first derivative of each filtered PPG signal are extracted with the same findpeaks
routine, and the corresponding inflection points are taken as fiducial points. Although
computationally more demanding, this method exploits a portion of the waveform that
is intrinsically less affected by the superposition of forward and backward-travelling
pressure waves and is therefore expected to be more robust under reflection-rich
conditions (e.g. short inter-sensor distances or stiffer vessel walls).

Both methods were applied to all the experimental conditions investigated, and the
choice of the most appropriate one for each combination of phantom model and inter-

sensor distance was driven by the empirical performance reported in Section 4.4.
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A third class of techniques, based on the cross-correlation between the two waveforms,
was reported as a robust alternative by Filippi et al. [126] and is left as a methodological

development for future work.
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Figure 4.2 Comparison between two approaches for calculating PTT.
(A) Peak-to-peak method. (B) Tangent method.

Gianluca Diana 44



Chapter 4 — In Vitro Study: Arterial Stiffness Estimation Using PPG Sensors

4.3.2 PWYV and Young’s Modulus Calculation

Once the pulse transit time has been estimated, the pulse wave velocity is obtained as
the ratio between the inter-sensor distance and the PTT, according to Eq. (2.1),
introduced in Section 2.1.3. Knowing the geometric parameters and the fluid
density, it is possible to calculate the Young's modulus of the wall material by
inverting the Moens-Korteweg equation (Eq. 2.2), which was presented in Section

2.1.3:

E = (2 ;p> PWV? (4.1)

where r and h are the inner radius and wall thickness of the silicone phantom
(measured ex situ for each model) and p is the density of the working fluid, taken
as that of distilled water (p 1000 kg/m?). It is worth recalling that, as discussed
in Section 2.1.3, the Moens-Korteweg equation is derived under simplifying
assumptions (thin-walled, homogeneous, linearly elastic vessel; incompressible
and non-viscous fluid; absence of wave reflections) which are well approximated
by a cylindrical silicone phantom in a controlled mock loop, but are only partially
satisfied in vivo. The validity of Eqgs. (2.1) and (4.1) within the present in vitro
setup is therefore considered methodologically sound and provides a defensible
reference framework for the validation campaign described below.

To capture the natural beat-to-beat variability of the PWV estimates, the Young’s
modulus was not computed once per test but every 5 s within each 3-minute
acquisition, yielding a distribution of values from which mean and standard
deviation could be derived. For each combination of phantom model and inter-
sensor distance, ten repeated acquisitions were collected, for a total of 120 tests

across the experimental campaign.

4.3.3 Validation Through Tensile Testing

The reference Young’s modulus of each silicone phantom was independently
determined by uniaxial tensile testing on twelve specimens cut from the same batch of
material used for the corresponding mock-loop model. Each specimen was firmly
clamped between the grips of a tensile testing machine (Figure 4.3A), with care taken
to ensure axial alignment and a uniform stress distribution within the gauge length. To
enable an accurate, contactless measurement of the local strain field, two black markers

were placed on each specimen at one-quarter and three-quarters of its length and tracked
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through a high-definition camera (C910, Logitech) operating at 30 fps. The marker
centroids were extracted in real time by a LabVIEW Vision Development Module

routine adapted from Pasta et al. [206], based on a pixel-weighted pattern-matching

procedure on monochromatic 380x240 frames.

Figure 4.3 Tensile test setup. (A) Universal tensile machine with mounted silicone specimen.
(B) Specimen at rest with initial marker positions. (C) Specimen at the end of the test,

showing marker displacement and elongation.

Each test consisted in a controlled elongation of 20 mm at a crosshead speed of 2
mm/min. The recorded force signal was converted into engineering stress by dividing
by the cross-sectional area of the specimen, while the engineering strain was computed
from the relative displacement of the marker pair with respect to its initial separation.
Stress—strain curves were generated and Young’s modulus was extracted as the slope
of the linear regression fit to the elastic region of the curve. The twelve modulus values
obtained for each silicone model were averaged to yield the reference E used in the
validation analyses of Section 4.4. The uncertainty of these reference values combines
a Type A component (the standard deviation across the twelve specimens) and Type B
components from the force measurement, specimen geometry, optical marker tracking

and camera calibration, and the operator-dependent choice of the linear elastic region.
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4.3.4 Analysis of the Influence of Sensor Distance

The inter-sensor distance enters the PWV estimation in two distinct ways. On one hand,
it appears explicitly at the numerator of Eq. (2.1), so that for a given temporal resolution
of the acquisition, longer distances translate proportionally larger PTT wvalues,
increasing the relative accuracy of the time-delay measurement. On the other hand, the
propagation of the pulse wave along a longer segment is more affected by attenuation
and by the superposition of forward and reflected waves, particularly in the presence of
impedance mismatches at the boundaries of the test segment. Three placements were
therefore investigated, namely 10, 15 and 20 cm, chosen to bracket the range of inter-
sensor separations that can be physically realised on peripheral anatomical sites such as

the forearm.

Upstream PPG Sensor 10 em Downstream PPG Sensor

\‘i‘ ‘i‘/

15 cm
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Figure 4.4 Configurations of PPG sensors on the phantom model for PTT detection.

This range constitutes a deliberate methodological compromise: distances shorter than
10 cm would compress the PTT into a few milliseconds, dominated by quantisation and
noise, while distances longer than 20 cm would not be compatible with a single
peripheral measurement segment in vivo. The systematic comparison of the three
placements, combined with the two PTT estimation methods of Section 4.3.1, defines

the parameter grid on which the experimental campaign was designed.
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4.4 Results and Discussion

The experimental campaign produced one hundred and twenty individual tests, organised
as a 4 x 3 x 10 factorial design (four silicone models, three inter-sensor distances, ten
repeated acquisitions per condition). For each test, the Young’s modulus distribution
obtained from the 5-second windows was summarised by its mean and standard deviation,
and the resulting estimates were compared against the tensile-test reference for the
corresponding model. The results obtained with the peak-to-peak and tangent methods are
reported in Table 4.1 and Table 4.2, respectively, alongside the geometric and reference

mechanical parameters of each phantom.

Table 4.1 — Geometric and mechanical properties of the four silicone phantoms (vadius, wall thickness,
tensile-test E £ SD) and Young’s modulus values estimated from PPG sensors using the peak-to-peak
method at 10, 15 and 20 cm.

Radius | Thickness Tensile Experimental | Experimental | Experimental
N. Value Value Value
(mm) | (mm) | TestMPa) | o 0 (MPa) | 15 cm (MPa) | 20 cm (MPa)
1 4.30 1.30 2.10+0.19 2.68 +0.83 2.04+0.15 2.00£0.19
2 7.50 1.50 2.70£0.16 2.40+0.72 2.63+0.24 2.78 £0.28
3 4.00 1.00 4.00+£0.28 3.17+£0.51 4.04 +0.51 4.20+0.58
4 8.00 2.00 5.65+0.34 0.71 £0.65 5.74 £0.65 6.18£0.82

Table 4.2 — Same as

Table 4.1, with PPG-derived E obtained thro

ugh the tangent method.

Radius | Thickness Tensile Experimental | Experimental | Experimental
N. Value Value Value
(mm) | (mm) | Test(MPa) [ ;5 o (MPa) | 15em (MPa) | 20 cm (MPa)
1 4.30 1.30 2.10+0.19 2.01+0.23 2.27+0.19 2.04+£0.27
2 7.50 1.50 2.70£0.16 2.50+0.53 2.96 +0.43 2.42+0.48
3 4.00 1.00 4.00+£0.28 3.83£0.81 4.24 +0.65 3.85+0.79
4 8.00 2.00 5.65+0.34 5.53+£0.87 6.14+0.76 6.24 +0.86

A first qualitative observation, evident from both tables and from the corresponding error-
bar plots in Figure 4.5 and Figure 4.6, concerns the standard deviation of the Young’s
modulus estimates: the dispersion of the PPG-derived values increases monotonically with
the stiffness of the silicone model, regardless of the chosen PTT method or inter-sensor
distance. A consistent trend was previously reported by Fuiano et al. [207] and was

attributed to the viscoelastic behaviour of silicone, whose relaxation dynamics introduce
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small beat-to-beat variations in the apparent wall mechanical response which are amplified

in the PWV estimate through Eq. (4.1). The same physical mechanism explains the slight

overestimation of E observed at 20 cm for the stiffest model (Model 4), where the

propagation of the pulse over a longer segment of stiff material amplifies the contribution

of high-frequency reflections.
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The most distinctive methodological finding concerns the relative performance of the two
PTT estimators as a function of the inter-sensor distance. At the shortest distance (10 cm),
the peak-to-peak method produced systematically biased estimates, with average errors of
approximately 20% across all phantoms and a marked underestimation for the stiffest
model (Model 4 was estimated at 0.71 + 0.65 MPa against a reference of 5.65 + 0.34 MPa).
The tangent method, in contrast, returned values closely matching the reference for every
model at the same distance (e.g. 5.53 + 0.87 MPa for Model 4). At the longer distances of
15 and 20 cm, both methods produced consistent and accurate estimates, but the peak-to-
peak approach yielded slightly tighter distributions and lower bias. The most likely physical
explanation lies in the wave-reflection content of the signals: the pulsatile linear pump used
in the mock loop, although designed to mimic a continuous cardiac cycle, introduces
residual backward pressure fluctuations through its valve action, and these reflections
superimpose more strongly on the systolic peak when the inter-sensor distance is short. The
tangent method, by anchoring the fiducial point on the maximum slope of the ascending
limb (a portion of the waveform that has not yet been contaminated by the reflected
component), is intrinsically more robust under these conditions, at the cost of a higher
computational complexity. As a result, the analyses that follow combine the two estimators
according to the best-performing one at each distance, namely the tangent method at 10 cm

and the peak-to-peak method at 15 and 20 cm.

Adopting this best-method-per-distance combination, the agreement between the PPG-
derived Young’s modulus and the tensile-test reference was quantified through three
complementary statistical analyses. The standard error of each PPG estimate, reported in
Table 4.3, increased systematically from a minimum of 0.05 MPa for Model 1 at 15 cm to
0.28 MPa for Model 4 at 10 cm, confirming the growing measurement uncertainty
associated with stiffer materials. The Pearson correlation coefficients between PPG-derived
and tensile-derived values, summarised in Table 4.4, exceeded 0.95 for the two softer
phantoms (Models 1 and 2) at all three distances, and remained consistently higher than
0.42 even for the stiffest model. The Bland—Altman analysis (Figure 4.7) confirmed both
findings graphically, showing a tighter clustering of the differences around the bias line for

the softer models and a progressively wider dispersion for the stiffer ones.
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Table 4.3 — PPG-derived Young's modulus values (mean =+ standard error) for the four phantoms at
the three inter-sensor distances.

N. Model 10 cm (MPa) 15 cm (MPa) 20 cm (MPa)

1 2.01 £0.07 2.04 +0.05 2.00 +0.06

2 2.50+0.17 2.63+0.08 2.78 £0.09

3 3.83+0.26 4.04+0.16 420+0.18

4 5.53+0.28 5.74+£0.21 6.18£0.26

Table 4.4 — Pearson correlation coefficients between PPG-derived and tensile-test reference values.

N. Model 10 cm 15 cm 20 cm

1 0.95 0.98 0.97

2 0.95 0.97 0.96

3 0.61 0.62 0.61

4 0.42 0.44 0.43

&2 25 Model 1 — Distance sensor: 10 cm &2 25 Model 1 — Distance sensor: 15 cm e Model 1 — Distance sensor: 20 cm
£ 20 £ 20 3
© 15 015 o 1.
Lu& ALY +1.96 0: 0.54 Lu& o 1.9 Lu& 5 . +1.96 02 0.34
+e R0 G + : . .96 0: 0.
g FbG o a g Sy e
805 -1960:-036 §93 -1960:-030 03 16651040
@ @ @
22 22 23
Lu'g’ 15 20 25 30 35 40 45 50 55 60 65 70 75 ,° 15 20 25 30 35 40 45 50 55 60 65 7.0 75 |.|.|'9 15 20 25 30 35 40 45 50 55 60 65 7.0 75
Mean (B giie est Eppa) (MPa) Mean (B giie est Eppa) (MP2) Mean (B giie est Eppa) (MPa)
g , s Model 2 — Distance sensor: 10 cm g , s Model 2 — Distance sensor: 15 cm = 25 Model 2 — Distance sensor: 20 cm
2 20 2 30 2 50
©15 < . 015 © 15
g0 PR T — .. *1.960:0.84 & 19 +1.96 0: 0.50 & 10 +1.96 0: 0.65
Woos v Wwoos U ih003 W oos ' A Z:0.10
I oo z:-0.20 I o0 = I o0 e .
305 305 - 305 Qi
& &l -1960:-044 805 0 —1.96 1 -0.44
%;g —1.96 02 -1.24 %;g %-;g
2.2, 2.2, 2.2,
P15 20 25 30 35 40 45 50 55 60 65 7.0 7.5 Lu'g) 15 20 25 30 35 40 45 50 55 60 65 7.0 75 LL!& 15 20 25 3.0 35 4.0 45 50 55 60 65 7.0 7.5
Mean (ETensne Test’ EPF’G) (MPa) Mean (ETensne Test’ EF'F’G) (MPa) Mean (ETenswle Test’ EPPG) (MPa)
g , 5 Model 3 — Distance sensor: 10 cm g , s Model 3 — Distance sensor: 15 cm g, s Model 3 — Distance sensor: 20 cm
2 20 +1.96 o= 1.50 2 20 2 20 e
015 re DLERELLZE To s +1.960:1.11 Q15 oo *1.96.0:1.29
Luu. 1.0 Luu' 10 |_|_|u' 10 YOS N
05 05 . 05 F:
1 o0 Z:-008 1 oo z:011 ;oo Z:0.16
§-05 §-05 §-05
=10 =-10 . =-1.0- - -
2.5 2.5 -1.96 ¢:-0.89 2.5 . ¥ -1.96 ¢: -0.98
220 - -1960:-1.67 £-20 220
© 15 20 25 3.0 35 40 45 50 55 6.0 65 7.0 7.5 = 1.5 20 25 30 35 40 45 50 55 6.0 65 7.0 7.5 |° 1.5 20 25 30 35 40 45 50 55 6.0 65 7.0 7.5
Mean (ETensHe Test’ EPPG) (MPa) Mean (ETensHe Test’ EF'PG) (MPa) Mean (ETensHe Test’ EF'PG) (MPa)
&2 Model 4 — Distance sensor: 10 cm &2 Model 4 — Distance sensor: 15 cm e Model 4 — Distance sensor: 20 cm
s 28 . s ? . =25 1 . *1.96°0:2.08
Yo ls 880158 %08 11960:141 T8 :
& 10 : . & 10 & 10
w os w os W os
I oo I oo I oo
05 305 05 :
210 210 LB 210 ed—it
215 215 €196 0:-1.14 25 5,—-1960:-1.13
520 " -1960-183 520 2 520
u 1520 25 30 35 40 45 50 55 60 65 7.0 7.5 |° 15 20 25 30 35 40 45 50 55 60 65 7.0 75 |© 15 20 25 30 35 40 45 50 55 60 65 7.0 75
Mean (Er, e est Eppa) (MP2) Mean (Er, e est Eppg) (MP2) Mean (Er, e est Eppo) (MP2)

Figure 4.7 Bland—Altman plots for the four phantoms at the three inter-sensor distances.
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The preceding analyses (standard deviation, standard error and Bland—Altman) describe the
dispersion and agreement of the estimates, but do not constitute a formal uncertainty
budget. The following analysis complements them by propagating the uncertainty on
Young's modulus, distinguishing Type A components, evaluated statistically from the data
(the beat-to-beat variability already reported in Tables 4.1-4.3), from Type B components,
evaluated from instrument specifications and a priori considerations (the resolution of the
geometric measurements, the fluid density, the sensor placement, and the temporal

resolution associated with the sampling frequency and fiducial-point detection).

Starting from the measurement model of Eq. (4.1), and treating the input quantities as
mutually uncorrelated, the relative combined uncertainty of the Young's modulus is
obtained through the standard propagation law. Since £ depends on the input quantities
through a power-law relation, the relative sensitivity coefficient of each quantity coincides

with its exponent in Eq. (4.1), yielding:

uE)Z (ur)z (up)z (uh)2 Uss) 2 Usgp2

=) =(2) +(2) +(32) +4(=2) +4(=) 42

(E T p h As At (4.2)

where u,, u,, up, uys and uy,, denote the standard uncertainties of the inner radius, fluid
density, wall thickness, inter-sensor distance and pulse transit time, respectively. The
factors of four affecting the As and At terms follow from the fact that both quantities enter
Eq. (4.1) squared, so that their relative contribution to the combined uncertainty is doubled.
As a consequence, the pulse transit time is expected to be the dominant contributor to the
overall uncertainty, which is fully consistent with the experimental behaviour reported
above: at the shortest inter-sensor distance the small At inflates the relative time-delay

uncertainty, accounting for the greater robustness of the tangent method under short-

distance, reflection-rich conditions.

Applying Eq. (4.2) to the optimal configuration (Model 1 at 15 cm), the Type B
contributions are dominated by the temporal term (relative contribution of about 3.0 %,
accounting for the finite sampling period at 5 kHz and for fiducial-point jitter), followed
by the wall-thickness term (about 2.2 %), while the radius, distance and density terms
remain below 1 %. Combined with the Type A contribution derived from the beat-to-beat
dispersion reported in Table 4.3 (about 2.5 %), this yields a relative combined standard
uncertainty of approximately 4.6 %, corresponding to ug = 0.09 MPa and to an expanded

uncertainty U = 0.19 MPa at a coverage factor £ = 2. The resulting estimate, £ = 2.04 +
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0.19 MPa, is in close agreement with the tensile-test reference (2.10 = 0.19 MPa),
confirming that the optical estimate and the mechanical reference are metrologically

compatible for the optimal configuration.

Taken together, these results identify 15 cm as the optimal inter-sensor distance within the
investigated range, providing the best compromise between the temporal resolution
required for an accurate PTT estimation and the suppression of reflection-related artefacts.
The findings are consistent with the analogous in vitro investigation by Fuiano et al. [207],
where the variability of LVDT-based stiffness estimates increased with the tensioning state
of the rubber tube, and with the in silico work of Hong et al. [208], which reported a
progressive decline in the correlation between PPG-derived stiffness indices and aortic
Young’s modulus among older subjects. The convergence of these three independent lines
of evidence (in vitro PPG, in vitro LVDT, and in silico modelling) supports the
interpretation that the loss of accuracy at high stiffness levels is an intrinsic property of
waveform-based stiffness estimators, rather than a methodological limitation specific to the

present setup.

Several limitations of the present study should nevertheless be acknowledged before
extrapolating its conclusions to the in vivo setting. The silicone phantoms used here,
although chosen to span a clinically relevant range of E values, do not reproduce the
viscoelastic, anisotropic and tethered behaviour of real arterial walls; their internal radii
and wall thicknesses are larger than the anatomical counterparts; and the working fluid is
distilled water, whose density (~1000 kg/m? versus ~1050—-1060 kg/m?) and viscosity (~0.7
versus ~3—4 mPa-s at 37 °C) are lower than those of blood, with potential consequences
both on the propagation of the pulse wave and on the optical interaction with the PPG
sensors. In a real in vivo measurement, additional confounders would arise from skin
pigmentation and subcutaneous fat thickness, from motion-related artefacts, and from the
contribution of vascular tone and endothelial activity to the apparent wall stiffness. Within
this clearly delineated scope, the proposed methodology provides a robust and physically
interpretable framework for the in vitro characterisation of arterial-like phantoms and
constitutes the experimental foundation on which the in vivo investigations of the following

chapters are built.
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4.5 Application Extension: Non-Invasive Monitoring of Transcatheter Heart
Valves

As anticipated in Section 3.2, the same in vitro PPG methodology developed in this chapter
for arterial stiffness estimation has been extended, within the present doctoral project, to a
complementary application: the non-invasive monitoring of transcatheter heart valve
(THV) function. Although outside the main scope of this thesis, this line of work is briefly
summarised here, as it shares with Sections 4.2—4.4 the same mock-loop architecture, the
same PPG sensors and the same PTT/PWYV estimation framework and represents a natural
transposition of the methodology to a different clinical question. The clinical motivation
lies in the limited durability of bioprosthetic leaflets and the lack of continuous, low-cost
surveillance tools to complement intermittent imaging-based follow-up. The two studies
below explored whether the same PPG configuration, placed proximally and distally to a
transcatheter device, could capture a haemodynamic signature of valve performance and
discriminate healthy from reduced leaflet motion.

In a first proof-of-concept study presented at the ADM 2024 conference [200], a fluid—
structure interaction (FSI) analysis was used to virtually deploy a 23-mm SAPIEN 3 Ultra
device in an idealised aortic vessel, and the resulting flow field was then used to derive an
analytical estimate of PWV and PTT through a Bramwell-Hill formulation, as a function
of the transvalvular pressure gradient. The numerical predictions were compared with
experimental PPG measurements acquired on a 3D-printed flexible aortic phantom housing
the same device, using the pair of PPG sensors described in Section 4.2 placed at a distance
of 70 mm. The agreement between numerical and experimental data was relevant, with a
relative error of 7.7% on PTT, supporting the placement of two PPG sensors for assessing
the transvalvular pressure gradient.

Building on this preliminary evidence, a more comprehensive study was subsequently
published in Artificial Organs [201]. A 23-mm self-expandable Evolut FX device
(Medtronic) was deployed in a compliant aortic phantom within the mock loop, with two
PPG sensors attached to the phantom surface in the ascending and descending aorta. Forty
haemodynamic scenarios were generated through Latin Hypercube Sampling on the four
flow variables (stroke volume, heart rate, systolic and diastolic pressure), and an
endoscopic camera was used to measure the geometric orifice area (GOA) of the device at
the systolic peak as the ground-truth indicator of valve performance. Representative PPG
waveforms and corresponding GOA images for three hypotensive, normal and

hypertensive scenarios are shown in Figures 4.8 and 4.9.
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Figure 4.8 Representative PPG waveforms acquired in the ascending (ved) and descending (blue)
aorta of the phantom housing the Evolut FX device, for three haemodynamic scenarios: hypotensive
(top), normal (middle) and hypertensive (bottom).
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Figure 4.9 Endoscopic images of the Evolut FX leaflet opening with the geometric orifice area (red
contour) for the three corresponding scenarios: (A) hypotensive, (B) normal; (C) hypertensive.
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The PPG-derived metrics (PTT and PWV), together with the four flow variables, were used
as input features to train a polynomial regression model for the prediction of GOA, and a
threshold-based classifier for the discrimination between healthy (HLM) and reduced
(RLM) leaflet motion conditions. The regression model achieved an R? of 0.83 (RMSE =
7.18 mm?, MAE = 5.58 mm?), and the classifier reached a 95% accuracy with a precision
0t 0.89 and a recall of 0.91, supporting the feasibility of an indirect, non-invasive estimation
of leaflet performance through low-cost surface PPG sensors combined with machine-
learning analysis.

Taken together, these two studies confirm that the in vitro PPG methodology developed in
this chapter for the estimation of arterial stiffness can be coherently extended to the
functional monitoring of transcatheter devices and represent a complementary application
of PPG that opens promising research directions for the long-term, wearable-based

surveillance of THV performance.

Gianluca Diana 56



Chapter 5 — Analysis of the APG Signal as an Indicator of Vascular Aging

Chapter 5 — Analysis of the APG Signal as an Indicator of
Vascular Aging

5.1 Introduction and Objectives

The in vitro work presented in Chapter 4 demonstrated that a pair of PPG sensors deployed
along a vessel-like phantom can recover the Young’s modulus of the wall material,
providing a direct, physically interpretable estimate of arterial stiffness through the Moens—
Korteweg equation. That method, however, requires the simultaneous acquisition of two
PPG signals synchronized at a known distance between the sensors, as well as knowledge
of the vessel’s geometric and fluid dynamic parameters, conditions that are not easily met

in a single-channel peripheral measurement taken at a single anatomical site.

The complementary methodological line developed within this thesis, and presented in this
chapter, follows therefore the second major route to PPG-based vascular assessment
reviewed in Chapter 3: the analysis of the second derivative of the PPG signal (APG), and
in particular of the dimensionless ratios derived from its five characteristic deflections a,
b, ¢, d, e, as introduced and formalised in Section 2.3.4. Among these ratios, the d/a index
occupies a central position, being one of the most widely validated APG-derived markers
of vascular aging and arterial stiffness in the clinical literature reviewed in Section 3.1.3,
from the seminal work of Takazawa et al. [124] to the longitudinal evidence of Inoue et al.

[134] on cardiovascular mortality.

Despite this consolidated background, the validation of the d/a ratio against the mechanical
properties of the vessel wall has so far been addressed mainly in human cohorts, where wall
stiffness 1s inferred indirectly. A complementary in vitro assessment, in which the
underlying mechanical condition is fully controlled, can usefully reinforce the
physiological interpretation of the parameter. This was the rationale of the present study,
which combines an in vitro and an in vivo arm within a single methodological framework,
providing the experimental foundation on which the subsequent investigations of Chapters

6 and 7 are built.

Within this framework, the study presented in this chapter, originally published as Diana
et al., Engineering Proceedings 2025 [209], pursued three specific objectives:

(1) to evaluate, on the same in vitro mock circulatory loop adopted in Chapter 4, the

relationship between the d/a ratio derived from a single PPG sensor and the mechanical
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stiffness of two silicone phantom models with different Young’s moduli, representative of

physiological and pathologically stiffened vascular conditions;

(i1) to verify, on a small cohort of healthy volunteers spanning the adult age range, whether
the same d/a ratio, computed at the index finger, exhibits the negative correlation with

chronological age expected from the literature on arterial stiffness and vascular aging;

(ii1) to compare the in vitro and in vivo trends within a unified analytical framework, in
order to consolidate the role of the d/a ratio as a single-channel, low-cost surrogate of

vascular health that can be deployed on wearable PPG devices.

Together, these three objectives define the dual experimental approach that distinguishes
the present contribution from previous studies, in which the d/a ratio has been investigated
either on phantom models or on humans, but not within an integrated mechanical—

physiological design.

5.2 Methodology

Photoplethysmographic signals were acquired with a single PPG sensor (DFRobot, Beijing,
China) operating at 520 nm, connected to an NI USB-6009 acquisition board (National
Instruments, Austin, TX, USA) at a sampling rate of 5 kHz, and recorded through a
dedicated LabVIEW (v2021) acquisition pipeline. The optical configuration is therefore

identical to that adopted in Chapter 4, except for the use of a single sensor.

For the in vitro arm of the study, two flexible silicone phantom models of length 50 cm and
inner radius 8§ mm were used, characterised by Young’s moduli of 2.7 MPa (Model 1) and
5.65 MPa (Model 2), respectively. The two models were chosen to represent a
physiological vascular condition and a pathological condition with increased stiffness,
consistently with the range introduced in Section 2.1.2 and adopted in Chapter 4. The PPG
sensor was placed at the midpoint of each model. The phantom models were integrated
within the same mock circulatory loop described in Section 4.2, configured to a flow rate
of 5 L/min, a heart rate of 90 bpm, and a systemic pressure between 70 and 120 mmHg,
with distilled water as the working fluid. For each model, five acquisitions of three minutes
each were collected; the average d/a ratio was computed over one-minute intervals,

yielding a total of 15 samples per model used in the subsequent statistical comparison.

For the in vivo arm of the study, nine healthy volunteers (six males and three females, age

42.1 + 15.2 years, range 26—63 years) with no known cardiovascular disease were enrolled.
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For each participant, three acquisitions of three minutes each were performed by placing
the PPG sensor on the index finger; the average d/a ratio was similarly computed over one-
minute intervals. In the absence of a direct measurement of arterial stiffness for each
subject, the d/a ratio was related to the chronological age of the participants, on the basis
of the well-established association between increasing age and increasing vascular stiffness

already discussed in Section 2.1.3.

Data processing was performed in MATLAB (v2024b, The MathWorks Inc., Natick, MA,
USA) and followed the same general scheme adopted throughout this thesis. The raw PPG
signals were filtered with a fourth-order Butterworth bandpass IIR filter (passband 0.5-5
Hz) to remove baseline drift and high-frequency noise. The second derivative of the filtered
signal was then computed and the five fiducial points a, b, ¢, d, e were automatically
identified through MATLAB?’s findpeaks function applied within time windows consistent
with the cardiac cycle, as discussed in Section 2.3.4. The d/a amplitude ratio was finally
extracted and used as the index of arterial stiffness for both arms of the study. The use of
repeated acquisitions and segment-wise averaging of the d/a ratio provided an implicit
check on the repeatability of the APG fiducial-point extraction, whose systematic

metrological characterisation is left to future developments.

5.3 Results and Discussion
The two arms of the study yielded internally consistent evidence of a strong negative
correlation between the d/a ratio and the underlying vascular stiffness condition, as detailed

in the following two sub-sections.

5.3.1 In Vitro Results

In the in vitro arm, the more compliant phantom (Model 1, E =2.7 MPa) yielded a mean
d/a ratio of 0.277 £ 0.036, while the stiffer phantom (Model 2, E = 5.65 MPa) yielded
amean value of 0.183 &+ 0.036. Linear regression analysis returned a Pearson correlation
coefficient of R = —0.81 between the model stiffness and the d/a ratio (Figure 5.1),
confirming a strong negative correlation in line with the physiological interpretation of

the parameter discussed in Section 3.1.3.

A first observation specific to the in vitro setting concerns the absolute sign of the d/a
ratio: in both phantom conditions, the values remained positive, in apparent contrast
with the negative range typically reported in human measurements. This behaviour can

be ascribed to the simplified nature of the model, namely the absence of vascular tone,
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branching and energy-dissipative mechanisms, which causes the reflected wave to
arrive at a phase of the cycle in which the second derivative is still positive. In addition,
the use of distilled water, whose viscosity is approximately one fifth of that of blood,
reduces wave attenuation and preserves the relative amplitude of the d deflection.
Consequently, the increase in stiffness from Model 1 to Model 2 produces a clearly
detectable reduction of the d/a ratio, but does not bring it into the negative range
observed in vivo. The relevance of this finding lies not in the absolute value but in the
systematic, monotonic decrease of d/a with increasing wall stiffness, which establishes

the mechanical interpretability of the index in a controlled environment.

Correlation between vascular stiffness and d/a
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Figure 5.1 Correlation between vascular stiffness and d/a ratio in the two silicone phantom
models. Blue dots: physiological condition (Model 1, E = 2.7 MPa); orange dots:
pathological condition (Model 2, E = 5.65 MPa). Dashed line: linear regression.

5.3.2 In Vivo Results

In the in vivo arm, the d/a ratio of the nine healthy volunteers ranged from —0.120 to
—0.410 across the 26—63-year age interval. Linear regression analysis (Figure 5.2)
yielded a Pearson correlation coefficient of R =—0.90 between age and d/a, confirming
a strong negative correlation: younger participants exhibited higher d/a values, while in
older subjects the ratio was progressively reduced. This trend is consistent with the age-
related increase in arterial stiffness widely documented in the literature [210,211],

which modifies the propagation velocity and the reflection characteristics of the
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pressure wave, and therefore the morphology of the PPG signal and of its second

derivative.

The numerical values obtained in the present study are consistent with those reported
in the literature on similar populations. Inoue et al. [134], in a long-term cohort of
women aged 5079 years, observed the same negative correlation between d/a and
chronological age, with mean values closely overlapping those measured here in the
upper age range. Takazawa et al. [124], in their seminal investigation on 39 patients
(mean age 54 + 11 years), reported the same trend, supporting the robustness of the

inverse association between d/a and arterial stiffness.
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Figure 5.2 Correlation between chronological age and d/a ratio in the nine healthy

volunteers of the in vivo study. Dashed line: linear regression.

Taken together, the in vitro and in vivo results converge on a coherent picture: the d/a
ratio decreases monotonically with increasing wall stiffness in a controlled mechanical
environment and decreases monotonically with chronological age in a human cohort
spanning the third to seventh decade of life. This convergence consolidates the role of
the d/a ratio as a low-cost, single-channel, single-site optical biomarker of vascular
aging. As this APG-based approach had not yet been extensively validated against
controlled mechanical conditions, the present study was conceived as a proof of concept
on a small cohort, providing the experimental foundation for the broader investigations

of Chapters 6 and 7.
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5.4 Brief Note: Machine Learning for Vascular Age Classification from APG

The same nine-subject in vivo dataset described above was subsequently re-analysed within
a dedicated machine-learning pipeline, in collaboration with the Biomedical and Mobile
Health Technology Lab of ETH Ziirich, where part of the present doctoral activity was
carried out. The study, presented at the CIEES 2025 conference [212], explored whether
classical and modern machine-learning models could leverage the five APG deflection
peaks (a, b, ¢, d, e), the b/a and d/a ratios, or their combination, to discriminate younger
from older participants in a binary classification task. On unseen subjects, the best-
performing models reached a balanced accuracy of 0.89 and an AUC of 0.95 when the
combined feature set was used (TabPFN), with the d/a ratio confirmed as one of the most
informative features. These results are reported here only as a complementary
methodological direction supporting the analytical framework of this chapter, and the
reader is referred to the original publication for the full description of the dataset, the model

selection procedure and the cross-validation strategies adopted.
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Chapter 6 — Multi-Wavelength PPG Comparison for Vascular
Aging Assessment

6.1 Introduction and Objectives

The investigation presented in Chapter 5 demonstrated, on a small in vivo cohort, that the
d/a ratio extracted from a single fingertip PPG sensor at 520 nm exhibits a robust negative
correlation with chronological age, in line with the validation framework reviewed in
Section 3.1.3. That study was nevertheless deliberately limited in scope, both in terms of
sample size (nine subjects) and in terms of optical configuration (a single green wavelength
on a single anatomical site). Two methodological aspects, both of which are critical for the
deployment of APG-based vascular aging assessment in real wearable devices, remained
therefore open: the systematic comparison of different wavelengths and the systematic

comparison of different anatomical measurement sites for APG analysis.

On the wavelength axis, the choice of the optical source determines the depth of light
penetration in the tissue and, consequently, the vascular bed actually probed by the PPG
sensor, as discussed in Section 2.2.4. Wavelengths in the green-blue range predominantly
interrogate the arterioles of the superficial dermal vascular plexus, whereas the red and
infrared ranges reach the subcutaneous level and a more heterogeneous mix of pulsatile and
non-pulsatile contributions. Although this physical mechanism is well established, the
literature on APG-derived vascular aging indices has been historically dominated by single-
wavelength studies, mostly performed in the green or red range, and a systematic

comparative assessment is still missing.

On the anatomical axis, the index finger is the traditional measurement site adopted in
clinical research and in the foundational APG studies reviewed in Section 3.1.3, owing to
its dense terminal vascular network and to the favourable signal-to-noise regime that it
offers. The wrist, on the other hand, is the dominant site of consumer-grade wearable
devices, including smartwatches, smartbands and smart rings, despite the deeper position
of the radial and ulnar arteries beneath multiple tissue layers, which is known to attenuate
the pulsatile component and to introduce greater morphological variability in the PPG
waveform. Whether and to what extent the wrist can replace the finger as a viable
acquisition site for APG-based vascular aging assessment is therefore a question of direct

translational relevance for the wearable industry.
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Within this framework, the study presented in this chapter, actually submitted as Diana et
al., IEEE Access 2026, pursued three specific objectives:

(1) to design and develop a custom wearable multi-wavelength PPG prototype, capable of
simultaneously acquiring PPG signals from the wrist and the index finger at four different

wavelengths (blue, green, red, infrared);

(i1) to acquire and analyse, on a cohort of 44 healthy volunteers spanning the entire adult
age range (22-94 years), the four APG-derived vascular aging indices that are robustly
identifiable across wavelengths and sites, and to evaluate their correlation with

chronological age;

(ii1) to identify the optimal wavelength—site combination for non-invasive vascular aging
assessment in wearable devices, balancing physiological interpretability, signal quality and

applicability to real-world wrist-based monitoring.

Together, these objectives extend the analytical framework developed in Chapter 5 from a
single-wavelength, single-site, single-derivative analysis to a comprehensive multi-
wavelength, multi-site investigation, conducted on a substantially larger cohort and with a

custom-built wearable platform purposely designed for the experimental campaign.

6.2 Development of the Multi-Wavelength Wearable Prototype

The experimental campaign required a hardware platform capable of simultaneously
acquiring PPG signals at multiple wavelengths from two anatomical sites, with a temporal
resolution sufficient to preserve the morphology of the second-derivative waveform. Since
no commercial device meeting these requirements was available at the time of the study, a
dedicated wearable prototype, named Gianner, was designed and built in collaboration with
the Biomedical and Mobile Health Technology Lab of ETH Ziirich, where the data
acquisition was conducted. The general architecture of the device is shown schematically

in Figure 6.1.

The system is articulated in two units. The wrist unit hosts the central microcontroller
(ESP32-S3 Nano, Waveshare, Shenzhen, China) together with one PPG sensor and one
NTC thermistor (B57703M0502G040, EPCOS/TDK Electronics, Munich, Germany) for
skin temperature monitoring. The finger unit replicates the same optical and thermal

architecture without the microcontroller.
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Figure 6.1 Overview of the Gianner multi-wavelength PPG acquisition system. Top: views of the
wearable system and electrical diagram of the dual-channel architecture; bottom: views of the

3D-printed custom enclosures for the main board and the finger sensor board.

Both PPG sensors share an identical layout, based on the Heart Rate 10 Click optical sensor
(MikroElektronika, Belgrade, Serbia), which integrates the MAX86916 optical front-end
(Analog Devices, Wilmington, MA, USA) and features four LED sources at blue (455 nm),
green (520 nm), red (655 nm) and infrared (930 nm), together with a single photodetector
and integrated signal-conditioning electronics. The thermistors are connected to analogue
inputs of the microcontroller through a 10 kQ + 5 % voltage divider; the entire system is

supplied by a single 3.3 V rail with a common ground.

To preserve the temporal resolution required for the subsequent extraction of fiducial points
on the second derivative of the PPG signal, the sampling frequency was set to 800 Hz. This
is well above the values typically adopted in the wearable literature and was chosen as a
deliberate methodological compromise, given the average wrist-to-fingertip distance of
19.4 £ 1.0 cm measured across the participants enrolled in the study and the fast

morphological transitions characterising the APG waveform.

The electronic components were soldered onto two prototyping boards to ensure
mechanical and electrical stability, and were then housed within two custom-designed
enclosures, modelled in SolidWorks (Dassault Systémes, Waltham, MA, USA) and printed
using a Formlabs Form 4 system with BioMed Black resin (Formlabs Inc., Somerville, MA,

USA), to guarantee biocompatibility for prolonged skin contact during the acquisitions.
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6.3 Experimental Protocol

The experimental campaign was conducted at the Balgrist Campus of ETH Ziirich
(Switzerland), under a protocol approved by the ETH Zurich Ethics Committee (project 25
ETHICS-205, Validation of a Multi-Wavelength Wearable PPG Device under Controlled
Conditions). All participants provided written informed consent prior to the start of the
acquisitions. A total of 44 volunteers (29 men, 15 women), aged between 22 and 94 years
(mean 43.5 £ 19.6 years), were enrolled. The cohort was deliberately designed to span the
entire adult age range, in order to expose any age-dependent trend of the APG indices over

a sufficiently wide temporal interval.

Acquisitions were performed under resting conditions in a temperature-controlled room
maintained at approximately 20 °C. Each participant was seated with the left arm resting
on a table; a five-minute acclimatisation period was observed before each session, during
which the subject was asked to remain still and relaxed in order to ensure thermal and
circulatory steady state. PPG signals were then acquired simultaneously from the wrist and
from the index finger of the same hand for five continuous minutes, while the participant

remained still and silent to minimise motion artefacts.

Signal processing followed the same pipeline established in Section 2.3.1. Each of the eight
acquired channels (four wavelengths % two sites, per subject) was filtered with a fourth-
order Chebyshev Type II bandpass filter, with a passband 0.5-8 Hz and a 20 dB stopband
attenuation, chosen for its capability to preserve the morphological components of the PPG
signal, including the dicrotic notch, while suppressing baseline drift and high-frequency
electronic noise [91]. The acceleration plethysmogram (APG) was then computed by
applying two successive numerical differentiations to the filtered signal, and the five

characteristic deflections a, b, ¢, d, e were identified for each cardiac cycle.

A preliminary inspection of the dataset revealed that, across all wavelengths and at both
measurement sites, the a, b and e waves were always clearly identifiable on the APG
waveform, while the ¢ and d waves did not exhibit prominent local maxima and minima
between the b and e deflections. This morphological pattern corresponds to Case I of the
multi-derivative classification proposed by Abdullah et al. [130]. Following the same
authors, the ¢ and d waves were therefore identified through the joint analysis of the first
derivative (velocity plethysmogram, VPG) and the third derivative (jerk plethysmogram,
JPG): wave a was located at the global maximum of the APG within each cycle,

corresponding to the first zero-crossing of the JPG; wave b at the global minimum of the
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APG and the second zero-crossing of the JPG; wave c at the global maximum of the JPG;
wave d at the first local minimum of the VPG; and wave e at the second positive maximum

of the APG and the third zero-crossing of the JPG (Figure 6.2).
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Figure 6.2 Photoplethysmographic waveform and its successive time-derivatives. (A) PPG signal;
(B) first derivative (VPG), (C) second derivative (APG), (D) third derivative (JPG).

On the basis of these fiducial points, four amplitude ratios were computed for each cardiac
cycle: the b/a ratio, the c/a ratio, the e/a ratio and the composite (b—e)/a index. The d/a
ratio used in Chapter 5 was deliberately excluded from the present analysis, given the lack

of a directly identifiable d deflection on the APG waveform of all 44 subjects.
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For statistical analysis, each five-minute acquisition was divided into twenty non-
overlapping 15-second segments. For each segment, the median of every APG index across
all heartbeats was computed, and the subject-level representative value was obtained as the
mean of the twenty segment medians. This double-aggregation procedure was adopted to
mitigate the contribution of isolated artefacts while preserving the natural beat-to-beat
variability of the indices. For each of the eight wavelength—site combinations, the
relationship between APG indices and chronological age was assessed through Pearson’s
correlation coefficient, with statistical significance set at a = 0.05. Least-squares linear

regression lines were also computed to show how each index changes with age.

6.4 APG Analysis and Results

The analysis of the 44-subject cohort yielded a coherent picture in which both the
wavelength of the optical source and the anatomical measurement site exert a measurable
influence on the APG-derived indices and on their correlation with chronological age. Skin
temperature was continuously recorded by the two NTC thermistors integrated into the
prototype, yielding an average value of 29.2 &+ 3.6 °C across the entire group, confirming

the stability of thermal conditions throughout the entire experimental session.

6.4.1 Comparison Between Wavelengths

Figure 6.3 shows representative raw and filtered PPG waveforms, together with the
corresponding APG signals and the five identified fiducial points, for each of the four
wavelengths simultaneously acquired from the wrist and finger of one representative
participant. A first qualitative observation, valid across all subjects of the cohort, is that
the green and blue wavelengths consistently produced a more defined waveform
morphology than red and infrared, with a narrower systolic peak, a clearly resolved

dicrotic notch and a higher signal-to-noise ratio.

These qualitative differences were quantitatively confirmed by two complementary
signal-quality metrics, namely the Perfusion Index (PI) and the spectral signal-to-noise
ratio (SNR), computed as the power ratio between the cardiac band and the residual
noise within 0.5-8 Hz. As reported in Table 6.1, the green and blue wavelengths
systematically outperformed red and infrared at both sites: at the finger, green and blue
reached PI values of 1.80 + 0.78 % and 1.55 + 0.57 % respectively, approximately 1.5—

1.8 times the corresponding wrist values, indicating a substantially stronger pulsatile

Gianluca Diana 68



Chapter 6 — Multi-Wavelength PPG Comparison for Vascular Aging Assessment

component. Spectral SNR followed the same pattern, with the largest gap observed at

the wrist (3.13-3.26 dB for green and blue versus 1.66—2.04 dB for red and infrared).

Red Wavelength

IR Wavelength

Green Wavelength

Blue Wavelength

—~ 1 SP Raw PPG 1 SP Raw PPG 1 SP Raw PPG 1 SP Raw PPG
E' = Filtered PPG ——Filtered PPG = Filtered PPG = Filtered PPG
g
0.5 0.5 0.5 0.5
o
o
ws O
g ot 0 0 0
- 'a Ma ! a
E 0.5\ e 05 /\ e
2 o drA~ —~—"\ o de.. —————
© C
a -05 b
<
-1
0.2 0.4 0.6 0.8
Time (s)
SP

[N

PPG (norm.)
e
(9]

Raw PPG
— Filtered PPG

)
g) 0 0
= ' A U -
E o5 e 05 /\ e e
g e ~_ o de o
- c N c c N
Q-05 -05
< b, b, b
-1 -1
0 02 04 06 08 0 02 04 06 08 02 04 06 08 0 02 04 06 08
Time (s) Time (s) Time (s) Time (s)

Figure 6.3 PPG and APG waveforms for each wavelength and measurement site in a

representative subject.

Table 6.1 — Signal-quality metrics computed on the filtered PPG signals for each wavelength—site
combination (mean £ SD across the 44 subjects). PI = Perfusion Index; SNR = spectral signal-to-noise

ratio in the cardiac band.

Measurement site Wavelength PI (%) SNR (dB)
Red 1.01 +£0.01 1.66 +1.01
IR 1.01 +£0.01 2.04+1.03
Wrist
Green 1.03 £ 0.04 3.26+0.83
Blue 1.02+0.03 3.13+£0.82
Red 1.03+0.04 297+1.14
IR 1.09+£0.11 3.19£0.97
Finger
Green 1.80+£0.78 3.38+£0.94
Blue 1.55+0.57 3.35+£0.94

These signal-quality differences propagated coherently into the correlation between

APG indices and chronological age, summarised in Figure 6.4 and Table 6.2.
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Figure 6.4 Scatter plots of APG indices as a function of chronological age for each wavelength and

measurement site, with linear regression lines and Pearson correlation coefficients.

Table 6.2 — Summary statistics of APG indices by measurement site and wavelength (mean + SD across
subjects), with Pearson’s correlation coefficient with chronological age.

Site Wavelength b/a index c/a index e/a index (b —e)/a index
Red —0.625£0.346 | —-0.386+£0.144 | 0.504+0.094 | —1.454+0.113
(r=—-0.091) (r=0.153) (t=0.064) | (r=-0313)*
R —0.809+0.454 | —0.406+0.171 | 0.452+0.135 | —1.501 £0.176
(r=0.027) (r=0.188) (r=0.134) (r=-0.067)
Wrist
Green -1.530+£0.353 | -1.166 £0.366 | 0.325+0.102 | —1.985+0.493
(r = 0.190) (r =0.028) (r=-0.178) (r=0.189)
Blue —1.391+£0.433 | —1.228+0.340 | 0.263+0.084 | —1.718 = 0.464
u (r=0.256) (r=0.044) (r=-0211) (r=0.214)
Red —-1.112£0.210 | —0.462+£0.097 | 0.292+0.096 | —1.514+0.249
(r=0.007) (r = —0.096) (r=0.268) (r = 0.348)*
R —-1.174£0.216 | —0.494+£0.089 | 0.275+0.079 | —1.548+0.278
(r=0.021) | (r=-0423)** | (r=0.202) (r=0273)
Finger
Green —-1.381£0.271 | —0.650+£0.229 | 0.275+0.113 | —1.696 + 0.384
ce (r=0.417)%* | (r=-0.497)%** | (r=-0.313)* | (r=0.443)**
Blue -1.379£0.268 | —0.702+0.336 | 0.270+0.106 | —1.705+ 0.391
(r=0392)** | (r=-0.513)*** | (r=-0360)* | (r=0.451)**
< 0.05, **p < 0.01, ***p < 0.001.
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At both anatomical sites, the red and infrared wavelengths produced generally weak
and non-significant correlations with age (|| < 0.35, p > 0.05 in 13 of 16 site—index
combinations) and a markedly higher dispersion of the indices across the cohort. In
contrast, the green and blue wavelengths produced significantly stronger correlations
and physiologically consistent trends, with the b/a and (b—e)/a indices increasing with
age and the ¢/a and e/a indices decreasing with age, as expected from the literature

reviewed in Section 3.1.3.

6.4.2 Comparison Between Measurement Sites

The comparison between the two anatomical sites confirmed the finger as the location
yielding the strongest and most consistent APG-derived correlations with age, while
highlighting that the wrist still preserves usable trends for the green and blue
wavelengths. At the finger, the four indices computed on the green and blue channels
reached statistical significance with consistent and physiologically interpretable
patterns: the ¢/a index showed the strongest correlations for blue (»=—0.513, p <0.001)
and green (r =—0.497, p < 0.001); the (b—e)/a composite index reached » = +0.451 (p
< 0.01) for blue and » = +0.443 (p < 0.01) for green; the b/a index reached » = +0.417
(p <0.01) for green and » = +0.392 (p < 0.01) for blue; and the e/a index reached r =
—0.360 (p < 0.05) for blue and » =—0.313 (p < 0.05) for green.

At the wrist, the same wavelengths produced trends with the same direction and
physiological interpretation, but with consistently lower absolute values of » and
reduced statistical significance, in line with the lower signal quality reported in Section
6.4.1. The distribution of the APG indices, summarised by the box plots of Figure 6.5,
further confirmed this pattern: at the finger, the interquartile ranges were 25-65 %
narrower than at the wrist across all wavelengths and indices, indicating a more

compact, reproducible extraction of features from the fingertip signal.

A complementary analysis was carried out on the intra-subject variability of the APG
indices, computed as the beat-by-beat standard deviation within each subject and
analysed as a function of chronological age (Figure 6.6 and Table 6.3). Two findings
emerge from this analysis. First, the intra-subject variability is systematically lower at
the finger than at the wrist for all wavelengths and indices, with mean SD values
approximately two to three times smaller (e.g. for the b/a index, 0.15-0.24 at the finger
versus 0.45-0.53 at the wrist), confirming the more reproducible feature extraction

associated with the higher signal quality of the finger. Second, the intra-subject
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variability of the green and blue indices remains substantially flat across the four
decades of life covered by the cohort, with correlation coefficients between SD and age
ranging from » = —0.022 to » = +0.179. In contrast, the red and infrared indices exhibit
moderate-to-strong positive correlations between SD and age (red: » = 0.34 to 0.59;
infrared: » = 0.52 to 0.60), indicating a substantial age-related degradation of the

measurement consistency that is absent in the shorter-wavelength channels.
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Figure 6.6 Intra-subject standard deviation of the APG indices as a function of age for the
four wavelengths, at the wrist (top row) and at the finger (bottom row).

Gianluca Diana

72



Chapter 6 — Multi-Wavelength PPG Comparison for Vascular Aging Assessment

Table 6.3 — Mean intra-subject SD of the APG indices and Pearson correlation between intra-subject
SD and chronological age, by measurement site and wavelength.

Meassl’lii:ment Wavelength b/a index c/a index e/a index (b —e)/a index
Red 0.662 0.284 0.246 0.440
(r=0.044) (r=-0.232) (r=-0.068) (r=0.072)
R 0.525 0.240 0.219 0.408
. (r=0.108) (r=-0.098) (r=0.098) (r=0.125)
Wrist
Green 0.452 0.421 0.136 0.429
(r=0.007) (r=0.030) (r=0.216) (r=0.014)
Blue 0.532 0.434 0.172 0.474
(r=-0.041) (r=-0.1006) (r=0.200) (r=-0.082)
Red 0.185 0.095 0.104 0.218
(r=0.589) (r=0.405) (r=0.340) (r=0.383)
R 0.155 0.078 0.081 0.195
Fi (r=0.587) (r=0.595) (r=0.515) (r=0.527)
inger
8 Green 0.207 0.137 0.065 0.237
(r=-0.005) (r=0.139) (r=0.179) (r=-0.022)
Blue 0.239 0.184 0.075 0.268
(r=0.030) (r=0.072) (r=0.151) (r=-0.020)

6.5 Discussion

The identification of the optimal wavelength—site configuration was based on four explicit
and complementary criteria: signal quality, strength of the correlation with chronological
age, physiological interpretability of the observed trends, and compatibility with real-world
wearable monitoring. The results converge on four corresponding observations. First, the
green and blue wavelengths produce APG indices with significantly stronger correlations
with chronological age and with trends that are more physiologically consistent with the
literature than the red and infrared wavelengths. Second, the finger is confirmed as the most
accurate measurement site for APG analysis, but consistent trends are also observed at the
wrist for the green and blue channels. Third, the differences in correlation strength between
sites and wavelengths are paralleled by underlying differences in signal quality, with green
and blue yielding markedly higher Perfusion Index and spectral SNR at both sites. Fourth,
the intra-subject variability of the green and blue indices remains essentially age-
independent, while red- and infrared-derived indices become progressively less

reproducible in older subjects.

The superior performance of the green and blue wavelengths is well supported by the

established physics of light—tissue interaction recalled in Section 2.2.4. Wavelengths in the
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475-580 nm range selectively probe the arterioles of the superficial dermal vascular plexus
[213], while red and infrared wavelengths penetrate into the subcutaneous tissue and
intercept a more heterogeneous blood volume that includes non-pulsatile venous and tissue
contributions [214,215]. This depth-selective behaviour has a direct effect on the AC/DC
ratio of the acquired signal [108,216] and, ultimately, on the morphological resolution of

the APG waveform, as confirmed by the signal-quality metrics reported in Table 6.1.

In terms of comparison between sites, the superiority of the finger is consistent with the
well-known anatomical differences between the two locations: the dense network of
terminal arteries and arteriovenous anastomoses of the fingertip provides a strong pulsatile
signal in a thin tissue layer [217], while at the wrist the radial and ulnar arteries lie deeper
beneath several layers of tendons, connective and dermo-subcutaneous tissue [218,219],
which attenuate the pulsatile component and introduce greater morphological variability
into the PPG waveform [100,220]. The Perfusion Index values measured in our cohort (1.80
% and 1.55 % at the finger for green and blue, against 1.03 % and 1.02 % at the wrist)
provide a direct quantitative correlate. The age-dependent behaviour of the APG indices on
the green and blue channels at the finger is consistent with the trends originally documented
by Takazawa et al. [124] on 600 subjects (r = 0.75 for b/a, r = —0.67 for c/a, r = 0.80 for
AGI), and confirmed in subsequent cohorts [181,221].

A specific methodological consideration deserves attention. In all 44 subjects of the cohort,
and at both measurement sites, the ¢ and d waves were not directly identifiable as local
extrema on the APG waveform, even in the youngest participants. This pattern, classified
as Case I within the multi-derivative framework introduced in Section 2.3.4 [130], is
documented in the literature as a possible consequence of vascular aging [222], but its
universal occurrence in our cohort suggests an additional contribution from the optical
front-end of the integrated MAX86916 sensor, whose internal digital filtering chain has
been reported to alter the fine morphology of the PPG waveform [223]. Although the multi-
derivative VPG-JPG strategy fully compensated for this limitation in the present study, it
should be acknowledged as a factor that would deserve further investigation with analog

front-ends in future development of the prototype.

Several other limitations should also be acknowledged. The cohort, although wider than in
many comparable studies and spanning the entire adult age range, is exclusively composed
of healthy volunteers; the inclusion of subjects with established cardiovascular risk factors

would allow a more direct assessment of the diagnostic potential of the APG indices and
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motivates the cardiometabolic-screening investigation presented in Chapter 7. Acquisitions
were performed at rest and under controlled thermal conditions, and the generalisation of
the findings to motion-rich and thermally variable scenarios would require dedicated

investigations.

Within these limitations, the study consolidates the optimal wavelength—site combination
for APG-based vascular aging assessment in wearable devices: green and blue wavelengths
acquired at the finger represent the most accurate configuration, while green and blue
wavelengths at the wrist preserve a usable, physiologically consistent signal that opens the
way to large-scale, smartwatch-based cardiovascular screening. This second observation is
particularly relevant given that the dominant form factor of consumer wearables, the
smartwatch [90,224], is structurally constrained to wrist measurements, and that the
inclusion of a green or blue channel in such devices is technologically straightforward and

already widespread.
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Chapter 7 — APG Indices as Digital Biomarkers of
Cardiometabolic Health

7.1 Introduction and Objectives

The investigations presented in Chapters 5 and 6 progressively consolidated the role of the
second derivative of the PPG signal as a non-invasive optical surrogate of vascular aging:
Chapter 5 established the in vitro and in vivo robustness of the d/a ratio in a small cohort
of nine healthy volunteers, and Chapter 6 extended the analysis to four wavelengths and
two anatomical sites in 44 healthy participants spanning the full adult age range. In both
studies, however, the populations were composed exclusively of healthy subjects, and the
analytical question was confined to the relationship between APG indices and
chronological age. The translational potential of these indices for clinical applications, that
is, their ability to discriminate not only ageing but also the vascular alterations induced by

established cardiovascular and metabolic disease, has remained therefore an open question.

This question is methodologically critical because the construct of vascular aging, as
discussed in Section 2.1.3, embeds a fundamental distinction between chronological age
and biological age: the former reflects the passage of time, while the latter integrates the
cumulative damage produced by cardiovascular disease, such as hypertension, diabetes,
dyslipidaemia, and other risk factors that accelerate the structural and functional
deterioration of the arterial wall. A proper digital biomarker of vascular health is therefore
expected not only to track chronological age in healthy populations, but also to detect and
possibly stratify the early vascular signatures of common cardiometabolic disorders, ideally

with a quantitative metric of clinical separability between groups.

Within this framework, the study presented in this chapter, actually submitted as Diana et

al., Measurement 2026, pursued three specific objectives:

(1) to evaluate, on a substantially larger and clinically heterogeneous cohort than those
analysed in Chapters 5 and 6, the four conventional APG indices (b/a, c/a, d/a and AGI)
introduced in Section 2.3.4, in three clinically distinct groups: healthy normotensive

subjects, hypertensive patients and diabetic patients;

(i1) to verify the within-group correlations of the APG indices with chronological age, in
order to confirm whether the age dependence observed in healthy participants in Chapters

5 and 6 is preserved also in the presence of established cardiovascular disease;
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(ii1) to quantify the discriminative power of each APG index between clinical groups
through a complementary statistical framework that combines null-hypothesis testing,
effect-size analysis (Cohen’s d) and a distribution-overlap metric (Hellinger distance), in
order to assess whether and to what extent the APG indices behave as digital biomarkers

of cardiometabolic health.

The present investigation was based on a publicly available clinical PPG database, which
provides simultaneous PPG recordings, clinical labels and anthropometric data on a
substantially larger and more heterogeneous population than the cohorts otherwise
accessible within the doctoral project. This methodological choice allowed the analytical
framework developed in the previous chapters to be evaluated on a clinically validated
population, on which the literature has so far reported only partial and pathology-specific

analyses.

7.2 Database and Study Population

The study was based on the PPG-BP (Photoplethysmography-Blood Pressure) public
database developed by Liang and colleagues at Guilin People’s Hospital, China [225],
which contains 657 PPG segments acquired from 219 adult subjects and is associated with
clinical labels for hypertension, diabetes mellitus and cerebrovascular disease, together
with biometric and anthropometric variables. PPG signals were originally acquired at the
fingertip with an infrared LED at A = 905 nm, sampled at 1 kHz with a 12-bit ADC, after a
10-minute acclimatisation period and a synchronous brachial blood-pressure measurement

performed with an Omron HEM-7201 sphygmomanometer.

Subjects were stratified into three clinical groups according to the labels available in the
database: healthy normotensive subjects without diagnosed cardiovascular or metabolic
disease; hypertensive patients (pre-hypertension, stage I or stage I1) without diabetes; and
diabetic patients, regardless of the concomitant presence of hypertension. Subjects with
cerebrovascular disease were excluded from the analysis, given the structural rather than
functional nature of the underlying vascular alteration. Signal-level quality control was
performed on each PPG segment through the Skewness Signal Quality Index (SSQI),
retaining only segments with SSQI > 0.41, the threshold validated in the literature for
reliable APG fiducial-point extraction [125]. The procedure removed 35 segments out of

399 (8.8 %) and led to the inclusion of 364 valid waveforms from 133 participants.
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The demographic and clinical characteristics of the final cohort are summarised in Table

7.1. Forty-five subjects were classified as healthy (33.8 %), 68 as hypertensive (51.1 %)

and 20 as diabetic (15.0 %). The mean age of the population was 57.4 £ 16.1 years (range

21-86); a clinically expected age imbalance was present across groups, with healthy

participants on average younger (47.8 £ 17.2 years) than hypertensive (63.0 = 13.2 years)

and diabetic patients (60.0 + 12.8 years). This imbalance reflects the well-known

epidemiology of arterial hypertension and type-2 diabetes mellitus, but is also a

methodological factor that has been explicitly addressed in the analyses presented below,

where the within-group correlations between APG indices and chronological age were

systematically computed and reported alongside the between-group comparisons.

Table 7.1 — Demographic and clinical characteristics of the study population. Values are expressed
as mean = SD or n (%). SBP = systolic blood pressure; DBP = diastolic blood pressure; HR = heart

rate; BMI = body mass index.

Variable Healthy Hypertensive Diabetic Total
" Age Range (yr) 21-85 25-86 38-84 21-86
S
:g- Mean and Std Age (yr) 47.8+17.2 63.0+13.2 60.0+12.8 | 57.4+16.1
&
jgj Male 17 (37.8%) 27 (39.7%) 10 (50.0%) | 54 (40.6%)
= Female 28 (62.2%) 41 (60.3%) 10 (50.0%) | 79 (59.4%)
Height (cm) 160.1 £8.2 160.1 + 8.3 161.3+9.2 | 160.3+8.3
§ Weight (kg) 57.5+10.5 609+11.9 65.8+123 | 60.5+11.7
o
§ BMI (kg/m?) 224+39 23.7+4.0 252+3.9 23.5+4.0
% SBP (mmHg) 106.7+9.0 | 141.4+145 | 131.7+14.0 | 128.2+20.3
.CE) DBP (mmHg) 64.0£6.3 76.4+11.1 74.7+109 | 72.0+11.2
HR (bpm) 70.3+£8.9 70.1 £8.9 66.8 + 8.6 69.7 £ 8.9
£ Normotensive, n (%) 45 (100.0%) - 3 (15.0%) 48 (36.2%)
g Pre-hypertension, n (%) - 37 (54.4%) 12 (60.0%) | 49 (36.8%)
§ Stage 1, n (%) - 22 (32.4%) 4 (20.0%) 26 (19.5%)
g Stage 2, n (%) - 9 (13.2%) 1 (5.0%) 10 (7.5%)
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7.3 Methodology

The signal-processing pipeline followed the same general scheme established in Section
2.3.1 and adopted in Chapter 6, with one specific adaptation related to the computation of
the derivatives. Each PPG segment was first filtered with a fourth-order Chebyshev Type
II bandpass filter (passband 0.5-8 Hz, stopband attenuation 20 dB) [91]. The filtered signal
was then normalised to enable inter-subject comparisons of the APG fiducial-point
amplitudes. The first and second derivatives of the PPG signal were obtained by applying
a Savitzky-Golay filter with first-order differentiation, third-order polynomial and a 150
ms window to the filtered PPG signal and again to the VPG, yielding the acceleration
plethysmogram. The APG signal was finally normalised to its maximum absolute value,
yielding amplitudes in the range [—1, 1], which made the four APG indices directly

comparable across all subjects and clinical groups.

The five fiducial points of the APG waveform were directly identified on each cardiac cycle
(Figure 7.1). Wave a was identified as the global maximum of the APG, wave b as the
global minimum, waves ¢ and d as the first local positive maximum and the first local
minimum following b, respectively, and wave e as the second positive local maximum
following b. On this basis, the four analysed APG ratios, namely the b/a, ¢/a and d/a indices
and the composite Aging Index AGI = (b—c—d—e)/a, were computed beat-by-beat for each

segment and then averaged at subject level.

The statistical analysis was articulated in two complementary directions. First, the within-
group relationship between each APG index and chronological age was assessed through
Pearson’s correlation coefficient () with the corresponding p-values. Second, between-
group comparisons were performed through a structured pipeline of formal tests: normality
was checked within each group with the Lilliefors test and homoscedasticity across groups
with the Levene test (median-based version); when both assumptions were satisfied, a one-
way ANOVA was performed, otherwise the non-parametric Kruskal-Wallis test was used.
Significant omnibus differences (p < 0.05) were followed by post-hoc pairwise
comparisons (Tukey HSD after ANOVA, Dunn with Bonferroni correction after Kruskal—
Wallis), and for each pairwise comparison Cohen’s d was computed as a measure of effect
size, with the conventional thresholds |d| < 0.2 negligible, 0.2 < |d| < 0.5 small, 0.5 <|d| <
0.8 medium and |d| > 0.8 large. To complement the mean-based effect size with a
distribution-aware metric, the Hellinger distance between the index distributions of each

pair of groups was also computed, ranging from 0 (identical distributions) to 1 (no overlap).
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Figure 7.1 - PPG signal processing and identification of APG fiducial points. (4) Raw (blue) and

filtered (orange) PPG signals. (B) First derivative (VPG). (C) Second derivative (APG) with the
five fiducial points (a, b, ¢, d, e).
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7.4 Results

Representative APG waveforms from each of the three clinical groups are reported in
Figure 7.2. In the healthy group, a progressive flattening of the ¢ and d deflections was
observed with increasing age, while the youngest subjects retained a well-defined dicrotic
notch and prominent fiducial points. In the hypertensive group, markedly altered APG
patterns appeared even in younger subjects, and in the diabetic group, vascular alterations
of comparable magnitude were observed in subjects aged 48 and 55 years, suggesting an

accelerated vascular ageing relative to chronological age.
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Figure 7.2 Representative PPG waveforms and corresponding APG waveforms for subjects from the
three clinical groups at different ages.
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7.4.1 Correlation with Chronological Age

All four APG indices exhibited statistically significant correlations with chronological

age within each of the three clinical groups, confirming that the age-dependent

behaviour observed in healthy participants in Chapters 5 and 6 is preserved also in the

presence of cardiovascular disease (Figure 7.3 and Table 7.2). In the healthy group, b/a
and AGI increased with age (» =+0.446 and » = +0.437, both p <0.001), while ¢/a and
d/a decreased (r = —0.421 and r = —0.421, p < 0.001), in full agreement with the

direction of the trends documented in the literature on healthy populations.
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Figure 7.3 Scatter plots of the four APG indices (AGI, b/a, c/a, d/a) as a function of chronological
age, stratified by clinical group: healthy (green), hypertensive (orange) and diabetic (purple). Linear
regression lines, Pearson correlation coefficients (r) and significance levels (p) are reported for each

group.
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In the hypertensive group, the same trends were preserved with reduced absolute
correlation strength (|7 in the range 0.18-0.25, p < 0.01), while in the diabetic group
the AGI and d/a reached intermediate values (7| = 0.467 and 0.308 respectively). The
lower correlations observed in the pathological groups are interpretable as the
consequence of two concurrent mechanisms: a reduced age range within the disease
cohorts (prevalently middle-aged to elderly), and the superposition of disease-driven
vascular alterations on the age-driven baseline trend, which compresses the dynamic

range of the indices within each pathological group.

Crucially, at any given chronological age, the APG indices of the pathological groups
were systematically displaced with respect to the healthy regression lines: subjects with
hypertension and diabetes exhibited consistently higher b/a and AGI values, and
consistently more negative ¢/a and d/a values, than age-matched healthy participants.
This translation of the regression lines is the key observation that motivates the
between-group comparisons reported in Section 7.4.2, since it suggests that APG
indices encode a vascular ageing component that is not fully reducible to chronological
age and that may capture a clinically informative residual associated with the

underlying disease state.

Table 7.2 — APG index values (mean = SD), Pearson correlation coefficients (r) with chronological

age and significance levels (p) for healthy, hypertensive and diabetic subjects.

Clinical group Statistic b/a c/a d/a AGI
Mean -0.983 0.001 0.222 -1.083

Healthy Std. Dev. 0.095 0.170 0.108 0.279
Subjects r-value 0.446 0.421 L0.421 0.437
p-value <0.001 <0.01 <0.001 <0.001

Mean -0.886 -0.142 -0.355 -0.720

Hypertensive Std. Dev. 0.085 0.151 0.110 0.279
Subjects r-value 0.254 0.215 -0.183 0.250
p-value <0.01 <0.01 <0.001 <0.001

Mean -0.792 -0.197 -0.403 -0.647

Diabetic Std. Dev. 0.094 0.154 0.088 0.270
Subjects r-value 0.302 20141 -0.308 0.467
p-value <0.01 <0.01 <0.01 <0.001
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7.4.2 Comparison Between Clinical Groups

The verification of parametric assumptions (Lilliefors and Levene tests) confirmed
normality and homoscedasticity for the b/a and c/a indices, justifying the use of one-
way ANOVA, while the d/a and AGI indices required the non-parametric Kruskal—
Wallis test due to deviations from normality in at least one group. The omnibus tests
yielded statistically significant differences across the three clinical groups for all four
APG indices (p < 0.001 in every case), motivating the post-hoc pairwise comparisons
described below. The distribution of the four APG indices in the three clinical groups
is illustrated by the box plots of Figure 7.4 and by the Gaussian-fit comparison of Figure
7.5. The box plots provide a non-parametric summary of the median, interquartile range
and tails of each distribution, while the Gaussian fits, although not used in the formal
statistical tests, offer a complementary visualisation of the relative position and
dispersion of the means of the three groups. Both representations consistently show a
progressive shift of the indices from healthy subjects, through hypertensive and diabetic
patients, with a partial overlap of the distributions in the central regions and a systematic

separation between the healthy and the pathological groups along all four indices.
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Figure 7.4 Box plots showing the distribution of the four APG indices in the three clinical

groups.
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Post-hoc pairwise comparisons were performed using the Tukey HSD test for b/a and
¢/a, and the Dunn test with Bonferroni correction for d/a and AGI. The corresponding
effect sizes (Cohen’s d) are summarised in Figure 7.6 and reported, together with the
post-hoc p-values and the Hellinger distances between the index distributions, in Table
7.3. The comparison between healthy and hypertensive subjects yielded large effect
sizes for all four indices (|d| = 1.26 for b/a, 0.92 for c/a, 1.44 for d/a, 1.33 for AGI),
with the d/a ratio emerging as the most discriminative parameter, in line with its
established role as a marker of peripheral wave reflection and arterial stiffness. The
Hellinger distances of this comparison ranged from 0.32 (c/a) to 0.48 (d/a), indicating
large mean-based separability with persisting moderate distributional overlap, a pattern
that is methodologically informative because it suggests that no single APG index,
taken in isolation, is sufficient for individual-level classification, while the combination

of multiple indices may achieve substantially higher diagnostic accuracy.

The comparison between healthy and diabetic subjects produced the largest effect sizes
of the entire study: |d| = 2.35 for b/a, 1.22 for c/a, 2.10 for d/a and 1.57 for AGI, all
substantially exceeding the threshold for large effects (|d| > 0.8), with Hellinger
distances reaching 0.71 for b/a, the highest separability observed across all the
comparisons performed. This pattern is consistent with the well-documented impact of
diabetes mellitus on the arterial wall, which combines metabolic dysfunction and
accelerated stiffening, and aligns with the morphological observations of Figure 7.2,
where diabetic subjects in their forties and fifties showed APG patterns comparable to

those of much older hypertensive subjects.
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Figure 7.6 Effect sizes (Cohen's d) for pairwise comparisons between the three clinical
groups, computed for each of the four APG indices. Dashed horizontal lines indicate the
conventional thresholds for small (0.2), medium (0.5) and large (0.8) effects.

The most distinctive finding of the present analysis emerged from the direct comparison
between hypertensive and diabetic subjects, whose vascular alterations have so far been
treated separately in the APG literature. For c¢/a, d/a and AGI, this comparison yielded
small or negligible effect sizes (|d| = 0.42, 0.49 and 0.26 respectively), with Hellinger
distances between 0.09 and 0.22, indicating an almost complete overlap of the
distributions and suggesting that, once vascular damage is established, hypertension
and diabetes converge towards similar APG signatures along these three indices. The
b/a ratio, in contrast, retained a large effect size (|d| = 1.19, p <0.001) and a Hellinger
distance of 0.40, identifying it as the only single APG index capable of discriminating,
in this dataset, between hypertension and diabetes. From a pathophysiological
perspective, this finding may reflect the fact that b/a is dominated by the early systolic
deceleration of arterial flow, which is more sensitive to the structural alterations of the
arterial wall induced by chronic hyperglycaemia (e.g. advanced glycation end-products,
collagen cross-linking) than to the predominantly haemodynamic alterations associated

with hypertension.
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Table 7.3 — Post-hoc pairwise comparisons between clinical groups for each APG index. Cohen's d

(effect size), Hellinger distance (distributional overlap) and effect interpretation are reported.

Index Comparison Post-hoc p Cohen’s d Hellinger Effect
Healthy vs Hypert. <0.001*** -1.26 0.42 Large

b/a Healthy vs Diabetic < 0.001*** -2.35 0.71 Large
Hypert. vs Diabetic < 0.001*** -1.19 0.40 Large

Healthy vs Hypert. < 0.001*** 0.92 0.32 Large

c/a Healthy vs Diabetic <0.001*** 1.22 0.42 Large
Hypert. vs Diabetic 0.281 0.42 0.15 Small

Healthy vs Hypert. <0.001%** 1.44 0.48 Large

d/a Healthy vs Diabetic <0.001%** 2.10 0.67 Large
Hypert. vs Diabetic 0.361 0.49 0.22 Small

Healthy vs Hypert. <0.001*** -1.33 0.45 Large

AGI Healthy vs Diabetic < 0.001*** -1.57 0.52 Large
Hypert. vs Diabetic 1.000 —-0.26 0.09 Small

*p<0.05;, **p<0.01; *F**p<0.001.

7.5 Discussion

The results presented in Section 7.4 converge on three main observations. First, the four
canonical APG indices preserve a statistically significant correlation with chronological
age in all three clinical groups, confirming the robustness of the age dependence already
documented in healthy populations in Chapters 5 and 6 and consolidating the role of APG
as an age-tracking optical biomarker. Second, the APG indices effectively discriminate
between healthy and pathological populations, with consistently large effect sizes when
healthy subjects are compared to either hypertensive or diabetic patients, the latter
comparison reaching Cohen’s d values up to 2.35 and Hellinger distances up to 0.71 for the
b/a ratio. Third, when hypertensive and diabetic subjects are directly compared, only the
b/a ratio retains a large effect size, suggesting a specific sensitivity of this index to the

structural arterial alterations associated with diabetes mellitus.
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The within-group correlations with age are quantitatively consistent with those reported by
Takazawa et al. [124] in their seminal study on 600 subjects, where » = 0.75 was reported
for b/a and r = —0.72 for d/a against chronological age. The lower absolute correlations
obtained on the present cohort are explained by two concurrent factors: the systematic
stratification of the sample by clinical condition, which compresses the within-group
dynamic range, and the smaller and less age-balanced size of the individual clinical groups
when compared to the systematic decade-by-decade sampling adopted in the original
Takazawa investigation. The d/a trend observed here in the healthy group (» = —0.421) is
also consistent with the in vivo evidence reported in Chapter 5 on the smaller cohort of nine

healthy volunteers, where the same index reached » = —0.90 over a narrower age range.

From a translational perspective, the most relevant finding of the present chapter is the
magnitude of the effect sizes observed when comparing healthy and pathological groups.
Cohen’s d values exceeding 1.0 for all four indices in the healthy-versus-hypertensive
comparison and exceeding 2.0 for b/a and d/a in the healthy-versus-diabetic comparison
are unusually large in clinical biomarker research and indicate that APG indices encode a
vascular signature that goes substantially beyond chronological age. The Hellinger-distance
analysis adds an important methodological caveat to this translational picture. Even when
Cohen’s d reaches large values, the distributions of the individual APG indices in the two
compared groups still exhibit a moderate overlap, with Hellinger distances rarely exceeding
0.7. In practical terms, a Hellinger distance in the 0.5-0.7 range corresponds to distributions
whose residual overlap still spans a substantial fraction of the two populations, so that any
single-threshold decision on an individual index would entail a sensitivity—specificity
trade-off too unfavourable for stand-alone diagnostic use, even where the separation of the
group means is large. From a screening perspective, this means that no single APG index,
taken in isolation, can be expected to provide a reliable individual-level classification, and

that the operational value of these biomarkers is intrinsically multivariate.

The specific behaviour of the b/a ratio deserves a dedicated comment. The retention of a
large effect size in the hypertensive-versus-diabetic comparison, in which the other three
indices essentially collapse, is consistent with previous evidence indicating that b/a carries
information on early-systolic arterial mechanics that may be specifically sensitive to the
structural wall alterations of diabetic vasculopathy, including advanced glycation end-
products and collagen cross-linking. Independent reports have similarly identified b/a as a

distinctive marker for hypertension and diabetes detection through feature-selection
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analysis [226,227], and a recent prospective study has shown that the d/a ratio
independently predicts the future development of hypertension in normotensive middle-
aged men [228], reinforcing the prognostic relevance of APG-derived parameters in the

preclinical phase of cardiovascular disease.

Several limitations should be acknowledged. The diabetic group (n = 20) was substantially
smaller than the healthy (n = 45) and hypertensive (n = 68) groups, which limits the
statistical power of comparisons involving diabetic subjects and restricts the
generalisability of the findings. Most diabetic subjects also exhibited some degree of
hypertension, which does not allow the independent contribution of diabetes mellitus to the
APG indices to be fully isolated from the haemodynamic burden of concomitant blood-
pressure elevation. The PPG segments available in the database were short, with a limited
number of analysable cardiac cycles per subject; longer recordings would improve the

robustness of the fiducial-point estimation and reduce intra-subject variability.

Within these limitations, the present chapter consolidates the role of APG indices as non-
invasive digital biomarkers of cardiometabolic health and represents the natural
translational endpoint of the analytical framework progressively developed across Chapters
4 to 6. It should be emphasised, however, that the APG indices analysed here are to be
regarded as promising screening biomarkers rather than standalone diagnostic tools: the
residual overlap between the clinical-group distributions and the presence of possible
confounding factors, including the age imbalance between groups, the frequent co-
occurrence of hypertension and diabetes, and the limited size of the diabetic group, require
that any clinical use of these indices be embedded in a multivariate framework and
validated against reference measurements on larger, balanced cohorts. The combination of
in vitro mechanical validation (Chapter 4), single-channel age-correlation analysis (Chapter
5), multi-wavelength multi-site optimisation (Chapter 6) and clinical-group discrimination
(Chapter 7) defines a coherent methodological progression from physical interpretability
to clinical utility, supporting the integration of APG-based analysis into the wearable
cardiovascular-screening pipelines that consumer optical sensors already make

technologically accessible at scale.
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Chapter 8 — Conclusions and Future Developments

This doctoral project addressed the broader objective of advancing the use of
photoplethysmographic sensors as a non-invasive, low-cost and clinically meaningful tool for
vascular health assessment. The research followed an integrated path that progressively moved
from a controlled in vitro environment to clinically heterogeneous populations, and from the
physical characterisation of arterial stiffness to the morphological analysis of the PPG signal

through its second derivative.

The in vitro study employed PPG sensors to estimate arterial wall stiffness on silicone phantom
models designed to reproduce the mechanical behaviour of blood vessels under different
physiological and pathological conditions, within a mock circulatory loop that simulated
realistic haemodynamic settings. These results confirmed the feasibility of non-invasive
stiffness estimation through pulse transit time and pulse wave velocity measurements and
provided a solid experimental foundation for subsequent investigations. The same in vitro
platform was also adapted, as a complementary line of work, to the non-invasive monitoring
of transcatheter heart valves, showing that PPG-derived signals combined with machine

learning can reconstruct valve performance parameters with promising accuracy.

The transition to in vivo analysis introduced the acceleration plethysmogram as a practical
approach to assess vascular aging from a single measurement site. The combined in vitro—in
vivo design confirmed that APG-derived morphological indices correlate strongly with both
material stiffness and chronological age, consolidating their potential as non-invasive

surrogates of vascular health.

Building on this evidence, the development of a custom multi-wavelength wearable prototype
enabled a systematic comparison across four wavelengths and two anatomical sites. The green
and blue wavelengths at the finger emerged as the optimal configuration, but the same
wavelengths also preserved physiologically consistent trends at the wrist, demonstrating that
the proposed analytical pipeline is compatible with the dominant smartwatch form factor. This
is a key finding from a translational perspective: the green channel already present in most
commercial heart-rate sensors could be sufficient to enable APG-based vascular monitoring

without hardware modifications.

The final study extended the analysis to a clinically heterogeneous cohort including healthy,

hypertensive and diabetic subjects. The APG indices proved capable of distinguishing healthy
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from pathological vascular states and revealed a vascular aging component that goes beyond
chronological age, suggesting a specific sensitivity to the structural alterations associated with

different cardiometabolic conditions.

Looking beyond this work, several research directions emerge naturally. A first priority is the
in vivo validation of the in vitro framework against the clinical gold standard, carotid—femoral
pulse wave velocity, on cohorts that include both healthy subjects and patients with established
cardiovascular disease. Complementary to this clinical validation, a dedicated metrological
validation of the proposed measurement framework is envisaged, comprising the formal
propagation of measurement uncertainty on the derived quantities, the systematic
characterisation of repeatability and reproducibility of the fiducial-point extraction and of the
derived indices, and an inter-device comparison between the developed prototype and
commercial optical front-ends, in order to establish the transferability of the results across

different hardware platforms.

A second direction concerns the integration of the APG analysis into existing consumer
wearable devices. Since the green channel already used by commercial smartwatches preserves
a usable APG signal at the wrist, the proposed pipeline could be deployed without
modifications to the optical front-end, enabling large-scale, longitudinal vascular aging
screening in real-world conditions. A natural extension would be the estimation of pulse transit
time between wrist and finger sensors, which could open the way to continuous, cuff-less blood

pressure monitoring.

Finally, a third area of development involves expanding the clinical validation to larger and
more balanced cohorts, in which the individual contributions of hypertension, diabetes and
other risk factors to the APG indices can be better isolated. The combination of APG indices
with additional PPG-derived features within a machine learning framework represents a

promising step to improve the discriminative power observed with single indices.

Within these perspectives, this thesis is intended as a methodological foundation rather than a
final answer: by combining in vitro mechanical validation, morphological signal analysis,
multi-wavelength optimisation and clinical-group discrimination, it provides a structured
framework on which future investigations can build to bring PPG-based vascular monitoring

closer to its full translational potential.
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