
 

 

 

 

 

Photoplethysmography use for 

Assessment of Mechanical Alternans in 

Human Cardiovascular Disease 

Tudor Besleaga 

 

 

This thesis is submitted to 

the Department of Medical Physics and Biomedical Engineering,  

University College of London, 

 in partial fulfilment of the requirements for the degree of  

Doctor of Philosophy. 

 

 

Supervised by: 

Prof Pier D Lambiase 

 Dr Michele Orini 

Prof Andreas Demosthenous 

 



 

II 

 

 

 

  



 

III 

 

 

 

 

 

 

 

 

I, Tudor Besleaga confirm that the work presented in this thesis is my own. 

Where information has been derived from other sources, I confirm that this 

has been indicated in the thesis. 

 



 

IV 

Abstract 

 

This thesis investigates the feasibility of using photoplethysmography (PPG) as 

a non-invasive bio-signal to evaluate cardiac risk. It focuses on detecting specific 

markers of cardiac risk, commonly detected using arterial blood pressure 

monitoring. 

Firstly, the PPG technology is evaluated from a theoretical and practical 

perspective to identify the optimal requirements for assessing cardiac function. 

Different sensor configurations are designed and evaluated.  

Secondly, this work examines the ability of PPG to detect arterial drops in blood 

pressure related to ventricular tachycardia induced syncope in a cohort of 14 

patients undergoing VT ablation. The aim is to supplement the internal 

defibrillator device data towards detecting haemodynamic instability and 

increasing specificity of defibrillator shock delivery. 

Secondly, this work evaluates for the first time the detection and quantification 

of Mechanical alternans (MA) via the PPG, in three conditions: stationary awake, 

during exercise and stationary during surgery. In total, MA was evaluated in 49 

patients. MA is a biomarker associated with mortality in heart failure patients 

and potentially fatal ventricular arrhythmias, that until now, has only been 

examined using continuous blood pressure recordings. 

This work demonstrates that using time-domain and time-frequency domain 

information, the abovementioned biomarkers can be evaluated using PPG. In 

contrast to continuous BP monitoring, which is costly and impractical, the PPG 

(photoplethysmography) technology is non-invasive, widely available, cost 

effective and already incorporated into pulse oximeters and wearable wellness 

trackers. I hypnotized that PPG could be used to detect BP variations, thus 

providing further insights into people’s health status and cardiac risk of sudden 

death at low cost. 
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Impact Statement 

 

 

Demand for management of chronic conditions has initiated a surge in 

telemedicine and e-health monitoring applications. In contrast to single in-

depth examinations for monitoring or diagnostic purposes, wearable health 

devices can provide deeper insights into patients’ health through short frequent 

measurements over extended periods. However, this generates a stream of data 

with limited risk biomarkers.  

This work reports an additional biomarker of cardiac impairment that can be 

detected non-invasively with photoplethysmographic (PPG) sensors. Pulsus or 

Mechanical Alternans (MA) is a condition linked to heart failure that has been 

known and studied for over a century. Using a sample of 49 patients with varied 

cardiac conditions, this study demonstrates for the first time that MA can be 

detected in patients using PPG alone. Furthermore, it demonstrates its 

magnitude is correlated between PPG and blood pressure.  

Thanks to the widespread availability of PPG sensing devices, monitoring MA 

may become a valuable tool in managing heart failure populations. 
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1. Socio-Economic Context 

Nationally, as well as globally, there is a surge in the populations 

predisposed to cardiac conditions, i.e. the elderly, overweight, diabetics etc. 

This increase in demand for chronic care management is straining the 

healthcare systems and its employees, with cardiovascular diseases 

remaining the most costly and prevalent, claiming 31% of all global deaths 

[1]. In order to achieve economical sustainability in the medium-long term, 

healthcare providers will need to adopt new processes of investigating and 

monitoring of patients. This involves closer post-intervention monitoring of 

patients, as well as population wide screenings of supposedly healthy 

subjects. 

Remote monitoring of patients, in a regular continuous manner, can be 

a powerful tool in detecting and preventing disease progression before it 

becomes too costly, damaging or irreparable. This can already be done 

through technologies such as Holter monitors or the implantable Reveal 

LINQ devices. However, these methods are limited by the data 

management infrastructure, the type of data collected, i.e. purely 

electrophysiological, the impracticality of wearing the device, as well as the 

relatively high price that comes with managing the patient data. 

By contrast, Photoplethysmography (PPG) can collect hemodynamic 

information and it can provide long term monitoring at a very competitive 

price due to its already vast presence in consumer wearable devices. PPG is 

already present in pulse oximeters, which are widely available in clinics and 

hospitals, as well as in hundreds of millions of smart watches and fitness 

trackers. These consumer devices already benefit from a fast and cheap 

data collection infrastructure. There is, therefore, ample scope for PPG 

technology to complement electrophysiology in the monitoring of patients 

suffering from cardiac issues. 
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2. Research Problems 

Mechanical Alternans (MA; aka blood pressure alternans or pulsus 

alternans) is a condition in which there is a beat-to-beat oscillation in the 

strength of cardiac muscle contraction at a constant heart rate. This 

manifests in the arterial pressure waveform as an oscillation on an every 

other beat basis showing an alternating sequence of strong-weak-strong-

weak beats. Several studies have demonstrated an association between MA 

and heart failure [1]–[3], cardiomyopathy [4]–[6], ischemia [7], [8], aortic 

stenosis [9] and life-threatening arrhythmias [8], [10]. MA appears to be an 

indicator of poor heart pump function, regardless of the underlining 

cardiovascular condition. 

Despite its clear potential as a risk marker, the use of MA is seriously 

limited by the requirement of continuous blood pressure monitoring which is 

either invasive or performed through cumbersome and expensive devices. 

In contrast to such continuous BP monitoring, PPG-based devices (e.g. 

wearable trackers, pulse oximeters) are non-invasive, cheaper, convenient 

to use and widely available in hospitals and clinics. If PPG could measure 

MA, it could become a tool to monitor it. With the current expansion of 

wearable devices, PPG technology could be integrated into platforms for 

remote care monitoring. 

Ventricular Tachycardia (VT) is a common arrhythmia that manifests 

itself as a series of premature ventricular contractions. It is a common 

initiator of shocks in patients with cardiac implants. However, almost a third 

of all shocks are inappropriate [11], and could adversely affect the patient. 

Furthermore, unnecessary shocks are harmful to the heart and cause stress 

and discomfort to the patient. Heart failure patients that receive shocks 

have a substantially higher risk of death [12] than those who don’t.  

Currently, VT is detected by measuring cycle length changes in the ECG, 

without consideration for hemodynamic changes. This often results in 

unnecessary shock delivery. ECG data is not sufficient to assess 

hemodynamic instability, but a PPG sensor could be.  
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3. Motivation and Objectives 

A strong motivation for this work is given by the expansion of wearable 

device companies, which have vast amounts of data collected from PPG 

sensors. While most devices only collect heart rate and motion data, there 

is an increasing shift in the market towards health assessment. There are 

already devices on the market that measure PPG signals continuously from 

the wrist [13], potentially capable of detecting MA.  

There is a demonstrated potential for MA to improve prognosis [1], [4], 

[10], particularly in heart failure populations. More clinical studies are 

needed to assess the viability of using MA as an independent risk predictor 

in other patient groups as well. Such investigations could be performed with 

fewer costs and greater ease if MA can be detected non-invasively through 

the PPG. Conventionally, such investigations are time consuming; but there 

is a potential of accelerating discoveries by analysing already recorded data 

sets from patient monitors. Application of research findings could also be 

expedited. Due to the wide availability of PPG devices, large number of 

patients could be screened with very low costs. The second objective of this 

work is to assess if MA detection could be achieved through PPG and to 

evaluate its level of accuracy. 

It should be noted that MA has largely been investigated as a binary 

marker, with patients being classified into those who have MA and those 

who don’t. This simple stratification provided remarkable insights into 

population health. However, this study hypothesised a multivariate analysis 

of this biomarker could provide further insights into the mechanisms of MA, 

better patient stratification and potentially more accurate risk prediction. 

Physiological research conducted in the ‘50s and ‘60s revealed, mostly 

qualitatively, that certain characteristics do vary within MA: MA duration, 

MA magnitude, frequency of MA episodes and heart rate at which MA 

occurs. Further to the presence of MA within a patient, in a continuous 

monitoring setting, these MA specific variables could be quantified. To the 

extent of our knowledge, this is the first quantitative investigation of PPG-

based surrogates for MA. The literature review revealed only two studies 

[14], [15], that anecdotally reported PPG oscillations during MA; one is a 

case study, and the other reports only strong, palpable, pulsus alternans. 
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Many studies examined patients with large MA, however, there is also 

clinically relevant information in small magnitude MA [6]. Therefore, it is 

important to assess if MA of small magnitude could be detected by PPG. 

Quantifying small changes in the PPG waveform is challenging because, as it 

will be described in Chapter 2, the technology is inherently prone to motion 

induced interference. Over time, the existing optical sensors from the PPG 

technology have been customised for measuring either oxygen saturation in 

pulse oximeters (70s-90s), or heart rate during movement in wearable 

trackers (2010s). It is important to assess whether these sensors are 

capable of detecting MA of different amplitude. For PPG-MA detection to 

become widely applicable, it is also desirable for the MA detection algorithm 

to require few computing resources and be relatively easy to implement. 

These desirable requirements are accounted for throughout this work. As an 

additional objective, in the eventuality that the existing sensors do not offer 

satisfactory performance in MA detection, this work also seeks to 

investigate the required specifications for a bespoke PPG sensor for MA 

detection. 

PPG could also be useful in evaluating other aspects of blood circulation. 

Hemodynamic assessment often requires invasive or cumbersome devices, 

making these recordings difficult, particularly in a remote setting. This 

limitation results in either inappropriate treatment, i.e. unnecessary shock 

from implantable cardiac defibrillators (ICD), or false alarms in patient 

monitors, leading to staff fatigue. The second objective of this work is to 

evaluate if PPG could quantify sudden drops in blood pressure, i.e. 

hemodynamic assessment, during ventricular tachycardia episodes. 
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4. Hypotheses 

In this work I will investigate the following hypotheses: 

1) PPG can be used to detect sudden drops in Blood Pressure during 

ventricular tachycardia. 

2) Mechanical alternans can be detected non-invasively in subjects 

utilizing PPG alone. 

3) MA-dependent variables (i.e. magnitude, duration, frequency and 

heart rate during MA) can be quantified utilizing the PPG signal. 

Chapter 3 will investigate Hypothesis 1. Chapters 4, 5 & 6 will 

investigate Hypotheses 2 & 3. 

5. Patents & Publications 

The current work presented in this thesis resulted in a patent 

application, a journal publication, a journal submission, a conference paper 

and presentation. 

• Patent Application Number 1710157.7 – ‘Device and Method for 

Detecting Mechanical Alternans’. Submitted on 26th of June 2017. 

Tudor Besleaga, Sveeta Badiani, Guy Lloyd, Nicola Toschi, Antonio 

Canichella, Andreas Demosthenous, Pier Lambiase and Michele Orini “Non-

Invasive Detection of Mechanical Alternans Utilizing Photoplethysmogram”, 

IEEE Journal of Biomedical Health Informatics. to be published in the 

November 2019 issue. 

• Tudor Besleaga, Nicola Toschi, Antonio Canichella, Andreas 

Demosthenous, Pier Lambiase and Michele Orini “Mechanical 

Alternans Detection Utilizing Photoplethysmography”, Conference 

Computing in Cardiology 2018 

o Young Investigator Award Finalist 

o To be published by IEEE, Computing in Cardiology. 

• Tudor Besleaga, Pier Lambiase, Adam Graham, Andreas 

Demosthenous and Michele Orini “Non-Invasive Classification of VT 

based on hemodynamic stability”, to be submitted to IEEE Access. 
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6. Outline of Thesis 

Chapter 1  introduces large-scale problems that affects healthcare in 

developed countries and the approaches of preventive healthcare 

and remote monitoring that could be used to tackle it. It presents 

the research question – monitoring MA and cardiac risk, with 

respect to these factors. A physiology overview of heart functioning 

mechanisms, cardiac alternans, their link to heart function 

instability and MA manifestations and origins is also provided. 

Some physiological aspects required to understand how MA could 

manifest in bio-signals at different body sites are also presented. It 

also summarises the theory behind the PPG technology, its clinical 

and commercial use and its limitations. 

Chapter 2  includes a series of experiments evaluating the PPG 

technology. It provides insights into sensor design specifications 

and discusses potential improvements as well as limitations in the 

current PPG theory.  

Chapter 3 examines the haemodynamic effects of ventricular tachycardia 

on a dataset of 14 patients. PPG is used to predict VT episodes 

based on haemodynamic impact severity, classifying them into 

haemodynamically stable and unstable VTs. 

Chapter 4,5,6 presents the investigation of non-invasive MA detection 

via PPG in a dataset of 49 patients.  

The dataset is split into three groups based on the method of 

inducing alternans:  

Rest (Ch 4) vs Exercise (Ch 5) vs Pacing (Ch 6), and  

method of BP recording: invasive vs non-invasive.  

Two manifestations of MA are investigated (i.e. sustained and 

intermittent), and their presence is evaluated in each group of 

patients. Several PPG parameters are evaluated and compared 

with MA in BP.  

Chapter 7 summarises and discusses the results in a comparative 

manner.   



INTRODUCTION 

8 

7. Physiological Background 

This section focuses on the mechanisms leading to the manifestation of 

MA and details of MA measurement. It will describe the heart cycle function, 

the Frank-Starling law which governs cardiac contractility, the phenomena 

of cardiac alternans and mechanical alternans in particular, as well as the 

propagation of pulse pressure waveforms through the arterial vasculature.  

7.1. The Heart Cycle 

The heart cycle initiates in the pacemaker cells residing in the SA 

(sinoatrial) node of the right atrium, see Fig. 1.1 [16] . The action potential 

generated by the pacemaker cells travels to the surrounding cardiac 

myocytes, propagating through the atria and initiating muscle contraction in 

the upper chambers of the heart. The action potential depolarisation 

wavefront then propagates through the AV (atrioventricular) node to the 

ventricles thus initiating the ventricular contraction. It is the left ventricular 

contraction that generates the pulse pressure waveform traveling through 

the arterial tree. 

The nervous system can modulate the cardiac cycle but cannot initiate a 

cardiac cycle. There are many complex mechanisms on which the heart 

relies for adequate functionality. In this thesis, two mechanisms most 

relevant to MA will be examined: the electro-mechanical activation of a 

single contractile cell and the Frank-Starling law of the heart. 

  

 
Figure 1.1. - Cardiac action potentials for different regions of the heart. Relationship 

with ion currents and surface ECG. 
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7.1.1. Action Potential and Contraction in a Cardiac 

Myocyte 

The cardiomyocyte is the functional unit cell of the cardiac muscle. It 

can contract when stimulated, and it can maintain a voltage across its 

membrane. The cardiomyocyte activation is a micro-mechanism of the heart 

function.  

The state of each cardiomyocyte can be characterized electrically – 

electrical potential difference across its membrane, mechanically – 

contracted or relaxed, and chemically – concentration of ions (Ca2+, Na+ and 

K+) on either side of the cell membrane. The membrane potential is largely 

a consequence of the ion concentrations on each side of the membrane.  

Ion concentrations can change due to one of the following:  

a) transfer of ions through gap junctions from an adjacent cell; 

b) transfer of ions through the membrane itself through voltage 

gated ion channels (characteristic for each type Ca2+, Na+ and 

K+); 

c) release/absorption of calcium from the SR (sarcoplasmic 

reticulum); and  

d) activation of the Na+, K+ pump, which moves Na+ out of the cell 

and K+ into the cell. 

The mechanical state of cell contraction is primarily initiated by a 

mechanism called CICR (C2+InducedCa2+Release) [17], in which small 

amounts of Ca2+ trigger the release of large amounts of Ca2+ from the SR 

throughout the cell. These large quantities of Ca2+ begin displacing troponin 

on the actin filament of the cardiomyocyte, which allows the myosin to bind 

to the actin filament and generate movement. Relaxation begins when Ca2+ 

is absorbed, or pumped back, into the SR. 

In a simplified summary of the cell activation cycle, we can define two 

states of equilibrium: E1 (pre-contraction) and E2 (post-contraction). The 

E1→ E2 change lasts approximately 200-300ms, is triggered by adjacent 

cells and initiates mechanical contraction. Ions migrate across the myocyte 
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membrane and a mass of Ca2+ is introduced from the SR reserves to change 

the membrane potential. Following contraction, the E2→ E1 change is 

performed by special enzymes and proteins which facilitate relaxation by 

restoring the initial concentrations of ions without sudden changes to 

membrane potential. 

A detailed view of how the E1→ E2 change affects the cell membrane 

potentials at different regions of the heart can be seen in Figure 1.1. The 

ion transients (time involved in the transition of each ion from one side of 

the cell to another) play a crucial role in facilitating a ‘healthy’ cell 

contraction. 

The cell contraction relies on large quantities of Ca2+ ions to be released 

from the SR. The quantity and flux of Ca2+ affects contractility and 

modulates cell action potential. Varying the amounts of Ca2+ release 

through longer Ca2+ recycling time (E2→ E1) is thought to be one of the 

mechanisms causing MA. This will be further discussed in Chapter 4.  
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7.1.2. The Frank-Starling Law 

The Frank-Starling law is a macro-mechanism of heart function that 

represents a relationship between pressure and volume in the ventricle. It 

states that the amount of blood pumped from the left ventricle, per beat - 

stroke volume (SV), will increase if the end diastolic volume (EDV) is 

increased, when all other factors remain constant. 

The stroke volume is equal to the difference between the blood volume 

collected in the ventricle before contraction (EDV) and the blood volume 

that remains in the ventricle after contraction or end systolic volume (ESV). 

EDV is regarded as measure of ventricular preload, in the sense that a 

bigger volume will cause a stronger contraction. A cardiac cycle can be 

drawn on a Volume-Pressure plot, as in Figure 1.2. 

 
A strong-weak beat alternation related to changes in EDV, according to 

the Frank-Starling law, would have the following pressure-volume plot, see 

Figure 1.3 [18] . 

 

 
Figure 1.2. – Pressure Volume relation in a ventricular contraction 

 

 
Figure 1.3. – Pressure Volume loops showing alternans because of EDV variation 

LeftVentricular Volume 

Le
ft

V
en

tr
ic

u
la

r 
P

re
ss

u
re

 



INTRODUCTION 

12 

Such a strong-weak beat alteration could be initiated by an ectopic beat 

or an arrhythmic event. The Frank-Starling mechanism has the property of 

self-regulating heart contractions and return the heart to a constant 

pressure-volume cycle. However, this may take up to 4-5 consecutive beats 

to achieve in a healthy heart, and up to 12 in heart with pump failure. 

7.2. Cardiac Alternans 

Cardiac Alternans is a general term used to describe a variety of 

phenomena that share a common attribute: an alteration that occurs on an 

every other beat basis. Such alterations could appear due to irregularities in 

the mechanical and/or electrical function of the heart that manifest at a 

frequency equal to 0.5 cycle per beat. The first manifestation under which 

cardiac alternans was observed was MA, or pulsus alternans (Figure 1.4.A), 

reported by Traube [19] in 1872 in a heart failure patient. Electrical 

alternans, in particular repolarisation alternans (Figure 1.4.B [20]) which is 

thought to be linked to mechanical alternans [21], was later observed by 

H.E. Hering [22] in 1909.  

 

Since their discovery, both phenomena have been of continuing interest 

to physiologists and clinicians, not only due to their association with 

ischemia and arrhythmia, but also due to the mechanisms behind it, the 

pharmacological implications and the electro-mechanical coupling between 

MA and EA. Initial studies allowed researchers to investigate mechanisms 

leading to manifestations of alternans. However, these were limited, in the 

sense that researchers relied on visual or haptic inspection to determine the 

presence of alternans. It wasn’t until computer processing permitted 

automation and accurate quantification of visually undetected 

manifestations, that clinical applications expanded.  

 
Figure 1.4. –  Mechanical Alternans (A) and Electrical Alternans (B) 
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Electrical alternans manifest on the electrocardiogram with an 

alternation in the amplitudes of one or more of the waves (Fig.1.1): P, QRS, 

T-wave, U-wave or ST segment. 

In a clinical setting, electrical alternans have arguably been investigated 

in a greater number of subjects, than MA. Repolarization alternans alone 

have been reported in clinical studies amounting up to 14,000 subjects 

[23]. By contrast, the largest prospective study of MA was only recently 

published [1], had 133 patients, and demonstrated an independent 

association between MA and outcomes (heart transplant, cardiac arrest or 

pump failure death) in acute hospitalised heart failure patients. This 

discrepancy in the number of clinically investigated subjects may be linked 

to the method of detection for each type of alternans. While electrical 

alternans detection relies on non-invasive body surface electrodes, MA 

detection depends on invasive or cumbersome devices. This not only limits 

the research process, but also bounds any potential application to in-

hospital settings and high costs. 

There are some advantages of measuring MA compared to measuring 

electrical alternans. In comparison to repolarization alternans, MA detection 

is less susceptible to motion induced noise [6]. In hearts with severely 

reduced pump function, alternans can occur at rest; however, in most 

cases, alternans are induced through heart rate elevation [10], which is 

often done non-invasively through exercise. Muscle contractions 

unavoidably affect the body surface potential, consequently inducing noise 

in the ECG and adversely affecting detection of repolarization alternans. 

Special high-resolution electrodes are used to detect repolarisation 

alternans. The blood pressure pulse is less affected by movement, and 

although movement induced artefacts can cause high levels of noise in the 

apparatus (i.e. PPG), in a clinical setting, measurements can be taken from 

body sites that are less susceptible to movement i.e. ear, forehead or even 

internal devices thus avoiding motion complications. 

My hypothesis is that PPG could track sudden oscillations in the blood 

pressure regardless of the underlying mechanisms. As such, PPG could 

detect MA due to the intrinsic mechanical link between blood pressure and 

arterial flow [24]. However, it should be noted that there is an interplay 
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between alternans in cardiac contraction, due to Ca2+ handling, and 

alternans in end diastolic volume of the ventricle, due to Frank-Starling 

mechanism.  
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8. Mechanical Alternans 

Mechanical alternans (MA; aka pressure alternans or pulsus alternans) 

is an oscillation of the blood pressure waveform occurring on an every other 

beat basis, and manifesting as a sequence of low amplitude (weak), higher 

amplitude (strong), and so forth, beats without fast or abrupt variations in 

the heart cycle length period. Importantly, MA is not to be confounded with 

bigeminy, an arrhythmic condition which causes short, long, short, long etc 

variations in cycle lengths. Large cycle length variations can affect the blood 

pressure waveform; however, it is not representative of MA.  

Several studies have shown an association between electrical alternans 

and mechanical alternans [6], [10], [21], [25], however the coupling 

mechanisms between the two is not clearly understood. Both types of 

alternans can manifest independently or concordant with each other, and 

both have been linked independently to poor prognosis [1], [26]. However, 

mechanical alternans have been harder to explore due to the standard 

invasive method of recording.  

Mechanical alternans is an established marker of cardiac impairment. 

Several studies have demonstrated an association between MA and heart 

failure [1]–[3], cardiomyopathy [4]–[6],  ischemia [7], [8], aortic stenosis 

[9], [27] and life-threatening arrhythmias [8], [10]. The presence of MA 

has been sufficient to identify patients with cardiac risk in heart failure 

populations [1] and MA with sustained pattern with high magnitudes is 

linked to left ventricular dysfunction [3]. 

The underlying mechanisms of MA have been linked to either myocardial 

contractility variation or end-systolic volume variation (haemodynamic 

variables). The former is thought to be caused by the intracellular Ca2+ 

transient which presumably reflects an alteration from the Ca2+ from the 

sarcoplasmic reticulum (SR). For instance, it has been suggested [28] that 

mechanical alternans can appear when the heart rate increases too much to 

allow a full Ca2+ recycling period, resulting in some of the cardiomyocytes to 

contract fully during the strong beats but only partially during the following 

beat, which will in turn be followed by another sequence of strong and weak 

beats and so forth. This strong-weak pattern can persist, particularly in 
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diseased ventricles. Extreme deterioration of Ca2+ recycling, for example 

during ischemia, can lead to accumulation of intracellular Ca2+ and MA 

generated by non-homogeneities in the myocardium [8]. The second 

mechanism is based on the Frank-Starling law, and proposes that decreased 

left ventricle stroke volume (weak beat) leads to an increased end-diastolic 

volume and stronger contraction during the following beat (strong beat) 

[29]. Increased heart rates reduce diastolic filling time and consequently 

accentuate the alternans. However, it is likely that both mechanisms 

coexist. During contractility variation alternans, left ventricular end-diastolic 

pressure has been shown to vary between the strong and weak beats by 

2.2 ± 3.5 mmHg [5]. Sudden changes in cycle length could cause MA in the 

following beats, which are likely to be attributable to the Frank-Starling law. 

The contribution of each mechanism depends on the conditions under which 

mechanical alternans is observed. 

Despite its clear potential as a risk marker, the use of MA is seriously 

limited by the requirement of continuous blood pressure monitoring which is 

performed invasively through cumbersome and expensive devices. The 

invasive monitoring apparatus consists of a cannula connected to a saline 

filled tubing conducting the pressure wave to the transducer. This method is 

very accurate but involves expensive spare parts and is limited to a clinical 

setting. It also carries some risk for the patient, including potential of 

infection and local thrombosis. The associated risk means that it is only 

used when the benefit overcomes the risk and it is therefore not suitable for 

general cardiac monitoring. Non-invasive continuous BP [30] monitors work 

either by localized pressure sensing of the aorta through the skin tissue 

(arterial applanation tonometry) or by using an air cuff around one of the 

limbs or phalanges (volume clamp). The former is not suitable for lengthy 

continuous monitoring, as it requires an operator to hand hold the probe. 

The latter works by using an inflatable cuff, commonly around the finger, 

with a photodiode sensor to dynamically adjust the cuff pressure to keep 

the arterial diameter constant. From the cuff pressure, a BP curve is 

calculated. This curve needs to be calibrated to correspond to the brachial 

arterial pressure. Although the volume clamp method is regarded as 

‘validated’, pooled data from various studies [31] revealed biases for BP 

measurements, with inaccuracies larger than what was defined as 

acceptable. Significant inaccuracies appear in cases of patients with severe 
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vasoconstrictions, arthritis or peripheral vascular disease. Another limitation 

of the volume clamp method, particularly in the Finapres device used in this 

work, is the automatic recalibration [32] which interrupts the waveform 

recording for several seconds and can occur at intervals of 10 to 70 

seconds. This is further discussed in section 8.3 in this chapter. 

In contrast to such continuous blood pressure (BP) monitoring, 

photoplethysmography (PPG) based devices e.g. pulse oximeters, are non-

invasive, inexpensive, convenient to use and widely available in hospitals 

and clinics. The current expansion of wearable devices, such as the Apple 

Watch or Fitbit wristbands, allowing continuous PPG recordings [13] 

provides an opportunity for improving  platforms for remote care 

monitoring.  

The PPG technology measures hemodynamic changes by illuminating 

arterially perfused tissue with light in the visible and infrared spectrum. 

Arterial pulsations affect the intensity of light passing through the tissue, 

which is captured by a photodetector and forms the PPG waveform. 

Multiwavelength analysis permits the calculation of oxygenated blood in the 

local tissue, an application which today is rarely absent from patient 

monitors. Beyond its conventional use in oxygen saturation monitoring, the 

PPG technology has advanced in recent years and is currently capable of 

detecting several cardiovascular marker carrying physiological and/or 

prognostic information, including pulse rate variability, as a surrogate of 

heart rate variability [33], respiratory rate[34], [35] sleep apnoea [36]–

[38], ectopic beats [39], heart rate turbulence [40] and atrial fibrillation 

[41], [42]. Estimation of blood pressure is another active area of research, 

however, achieving high accuracy remains challenging [43]–[45], 

particularly without patient-specific calibration.  
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Rather than focusing on estimating continuous BP, the aim of this work 

was to detect MA, i.e. beat to beat blood pressure oscillations that follow a 

specific alternating pattern. 

Three main hypotheses are evaluated over Chapters 4, 5 and 6: 

(i) MA can be detected in patients utilizing only the PPG signal 

(ii) MA can be accurately quantified utilizing only the PPG signal 

(iii) MA develops progressively and can be quantified and 

monitored even in patients without severe heart failure 

Before proceeding to results, I will highlight important considerations of 

blood pressure and flow pulses with specific relation to patient characteristic 

and measurement locations. I will also present cardiac rhythm abnormalities 

that may be mistaken for mechanical alternans, and finally, I will 

summarize the apparatus limitations of non-invasive continuous blood 

pressure signal recording, i.e. the reference signal in Chapters 4 and 5. 
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8.1. Blood Pressure and Flow in Arteries 

The blood pressure and flow in arteries has been investigated by many 

physiologists [24]. From a fluid engineering perspective, flow can be 

calculated from pressure, and vice versa, if the capacitance, inductance and 

resistivity of the system are known. Conventionally, engineered systems 

use constant values for these variables. Therefore, it is no surprise that 

previous studies have looked to estimate, calculate or measure the 

impedance of the arterial circulation in terms of capacitance and resistance 

[24]. In practice, blood and the arterial tree have many complexities which 

are difficult to align with conventional theories in fluid mechanics. These 

include: the arterial tree fractal structure, non-linear arterial wall elastic 

properties, blood viscosity and pulsatile flow.  

Arteries shrink in cross-section and wall thickness as they spread 

outwards from the heart. Consequently, they have been categorized based 

on their cross-sectional thickness, and closeness to the tissue they supply 

with blood: aorta, arteries, arterioles and capillaries. The average blood 

pressure and flow waveforms in different arteries are illustrated in Figure 

1.5 [46]. Arteries stiffness and cross-section is modulated by the nervous 

system, however, all vascular changes modulated by the autonomic nervous 

system are slow compared to the cycle length variations. 

 
 

Figure 1.5. – Pressure-Flow relation of arterial blood in man. 
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As it can be observed from Figure 1.5., the pressure-flow waveforms do 

change from the aortic valve down to peripheral arteries. It is important to 

note that these waveforms contain both efferent waves, from the aorta 

downstream, as well as afferent/reflected waves, from the end-arterial tree 

backwards. The morphology of the recorded waveforms is a sum between 

the efferent waves and the reflected waves at the measuring site. The 

phase in which these overlap depends on the strength of the heart pulsation 

and the stiffness of the arteries. It is commonly characterized by the pulse 

wave velocity (PWV), which increases with age and hypertension. An 

illustration of the relation between the morphology of the pulse and age is 

presented in Figure 1.6. It is shown that reflected waves pronouncedly 

affect the arterial pulse amplitude and systole in older subjects, augmenting 

the systole by as much as 46% (Fig.1.6. [18] , bottom right). Theoretically, 

this augmentation mechanism of overlapping afferent and efferent waves 

should amplify any potential MA amplitude in the elder population. 

However, it does add complexity in comparing the results of MA studies 

which have measured blood pressure from different arterial sites. 

 

 
Figure 1.6. – Artery pressure waves in three healthy individuals. The leftward arrow 

represents the peak of the reflected wave, the rightward arrow represents the onset of 

the reflected wave. AI is the augmentation index created by the reflected wave.  
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Another augmentation index appears in the efferent arterial pulse as the 

cross-section of the arteries decreases and PWV increases. This is illustrated 

in Figure 1.7. [24]. Mean pressure falls slowly, but the pulsatile pressure 

variation increases at arteries away from the heart. Conversely, the flow 

amplitude decreases. It should be noted, however, that pulsatile 

components are almost entirely diminished in the capillaries. Therefore, the 

pressure oscillations must be damped out in the smallest peripheral 

arteries. The peripheral circulation is also where the pulse changes direction 

and becomes a reflection wave. Due to the small size of capillaries and 

arterioles, the pressure and flow waveforms cannot be directly measured.  

 

With respect to MA detection, given the aforementioned physiological 

observations, MA should be most accurately detected in blood pressure in 

small-medium arteries, and in blood flow in large arteries. Reflection waves 

are likely to augment the MA magnitude in BP but decrease it in the blood 

flow. To my knowledge, blood flow detected MA was only reported in the 

aortic ejection [47]. Although there are several factors which are 

diminishing blood flow amplitude at the small arterial circulation, and 

consequently are detrimental to MA detection, the exact manifestations of 

blood pressure and flow in the microcirculation remains unknown. It is 

possible that, during the reflection wave formation in the BP, the blood flow 

could suffer an increase in amplitude. The current theory of PPG assumes 

that the first derivative of the PPG waveform is a surrogate of blood flow in 

the microcirculation [48].   

 
Figure 1.7. – Pressure-Flow relation of pulse morphology in arteries. 
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8.2. Oscillations Unrelated to Mechanical Alternans 

Bigeminy is an arrhythmia in which there is a continuous alternation of 

long and short beats. This rhythm problem alters the pulse morphology, 

according to the Frank-Starling law, and creates a strong-weak-strong-weak 

pattern of pulses, similar to MA. At least 2 patients across all the analysed 

datasets exhibited episodes of bigeminy, one of which illustrated in Figure 

1.8. 

 

In this case, the presence of arrhythmia can be seen from the large 

pulse interval variations, which are as high as 400ms. The alternating 

pattern of short-long-short-long pulse intervals is characteristic of bigeminy. 

Unfortunately, no ECG was available for the patient in the example above, 

but another example with ECG is reproduced in Fig. 1.9.  

 
Fig. 1.8. – Bigeminy episode in BP, row one, and PPG, row three. The variations in the in the 
pulse interval, as a surrogate for cycle length (blue), and maximum pulse slope (orange) are 
shown in row two and four for BP and PPG respectively. 
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Often, bigeminy is a sustained pattern of PVCs (premature ventricular 

contractions) with the premature beat representing the ‘weak’ pulse. The 

PVC can originate in the ventricle, and be clearly visible in the ECG trace, 

changing the QRS complex, or it can originate in the atria with minimal 

changes to the ECG waveform, only the P-wave being affected, as in Fig. 

1.9. 

However, in some cases, even a single PVC can generate an alternating 

pattern of strong-weak pulsations. Although this alternating pattern has a 

decaying magnitude over a short time interval, it can sometimes be 

sustained for up to 10 or more beats following the ectopic beat [49]. A 

section of the recording where two ectopic beats induce an alternating 

pattern is illustrated in Fig. 1.10. 

 
Fig. 1.9. – Atrial bigeminy episode in ECG, BP and PPG. The missing BP trace is due to the 

apparatus recalibration which will be discussed in the following section. 
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As it can be seen in Fig. 1.10, two PVC beats can lead to a pattern of 12 

or more consecutive alternating beats and a potential false positive in the 

MA analysis. Depending on the frequency of ectopics, several false positives 

may occur. To reject these unwanted variations from the MA analysis, the 

MA detection algorithm has been modified to identify pulse interval changes 

larger than 200ms and exclude the beat(s) linked to that variation. Only the 

PVC beat, or when it is too weak, the preceding stronger beat, is removed 

from the analysis. Therefore, the continuity of the alternating pattern is 

broken and the potential for false positive results is avoided. The pulse 

interval has been calculated for both BP and PPG as the time interval 

between the maximum acceleration of consecutive pulses.   

 
Fig. 1.10. – Two PVC beats are indicated by the arrows in ECG, BP and PPG. In row three, the 
orange trace indicates an alternating pattern in dP/dt max of over 12 consecutive beats which is 
related to cycle length changes, not MA. The premature beat is associated with a very small peak 
and is very close to the previous beat. Following the premature beat is a long compensatory 
pause and a strong beat. In this case, the premature beat is too weak to be detected, but the 
algorithm accounts for it by detecting the compensatory pause. 
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8.3. Blood Pressure Apparatus Limitation 

To evaluate the presence of MA, continuous BP must be used as a 

reference signal for the analysis. In Chapter 6, BP is recorded using intra-

aortic pressure probes, which offer the greatest accuracy in continuous BP 

measurements. However,in Chapters 4 and 5, BP is recorded using the 

Finometer Pro machine using a small inflatable finger cuff, illustrated in Fig. 

1.11. [50], [51] which measures pressure at the finger level. This machine 

has several limitations.  

 

The first limitation of this measurement is that the values recorded track 

beat-to-beat variability in the intra-arterial pressure, but are not equal to it 

[52]. As mentioned in the Introduction, the apparatus measures the 

pressure in the finger cuff, which is programmed to inflate and deflate 

dynamically with the change of the finger artery. The finger artery size is 

estimated from an inbuilt infrared PPG sensor. The pressure waveform is 

then reconstructed using proprietary algorithms and a calibration from the 

brachial cuff. A review of validation studies confirmed that the reconstructed 

waveform can be biased by a few mmHg in the mean BP, systolic and 

diastolic BP. For detecting MA, this limitation is not expected to induce any 

error, since the reconstructed bias does not vary from beat to beat. 

However, in terms of quantifying MA, due to pulse pressure amplification, 

see Fig. 1.7, the magnitude of alternans may be overestimated in dP/dt 

max (mmHg/s). 

The second limitation is that the machine tries to estimate BAP (brachial 

arterial pressure) from the FAP (finger arterial pressure), see Fig 1.12. This 

estimation is done in the interest of comparability with common brachial 

 
Fig. 1.11. – FinometerPRO apparatus (left). Cuff positioning on the hand (right). 
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cuff BP measurements, but introduces cofounding factors, and it is 

considered a potential source of error. To bypass this limitation, the raw 

FAP signal is exported from the machine and used to detect and quantify 

MA. The diastolic values are almost always lower at the finger than what is 

expected at BAP, while the systolic values may be lower or higher, 

depending on the baseline pressure and vascular compliance. 

 

The third and most important apparatus limitation is the machine’s 

measurement discontinuity, caused by the automatic recalibration feature, 

during which, the BP signal is lost completely. Examples of such 

recalibration episodes are shown in Figure 1.13. This automatic recalibration 

cannot be set by the user. It can last between 2 and 7 seconds and occurs 

with a frequency of 0.014 Hz to 0.5 Hz, i.e. once every 2 to 70 seconds. 

The Finometer has a real-time signal quality assessment which can 

trigger a recalibration. These are automatic, usually longer than 2 seconds, 

and some examples are indicated by arrows in Fig. 1.13. In the absence of 

these signal quality related recalibrations, the Finometer increases the 

period at which the next recalibration occurs, up to a maximum of 70 

seconds. 

 

 
Fig. 1.12. – Raw, unfiltered signals exported by the Finometer for the finger arterial pressure 
(FAP) and the reconstruction of estimated brachial arterial pressure (BAP). The pulse upslope of 
the FAP signal is much steeper than that that of BAP.  

                                 

        

  

  

   

   

   

   

   

 
  
 
 
 
  

  
 
 
 
 

                        

                          



INTRODUCTION 

27 

 

The discontinuity of the recording directly affects the detection of MA. 

The definition of MA requires the alternating pattern to be maintained in a 

sequence of consecutive beats; a recalibration occurring during this 

sequence will break the pattern and miss the MA episode. An example with 

a potentially missed MA episode is illustrated in Figure 1.14.  

  

 
Fig. 1.13. – First row illustrates how a 2 second recalibration disrupts continuity of beat-to-beat 
analysis. The second row is of a BP recording section with frequent recalibrations, and the third 
row is of a BP recording with rare recalibrations. Arrows indicate recalibrations longer than 2 
seconds triggered by automatic signal quality assessment. 

                     

  

   

   

 
 

  
 
 
 
 

                                             

         

                      

  

   

   

 
 

  
 
 
 
 

         

                  

   

   

   

 
 

  
 
 
 
 

         

 
Fig. 1.14. – Recording section with potentially missed MA episode in BP. First row is the BP, 
second row the BP pulse maximum slope, i.e. dP/dt max (P’M), third row is the PPG and the last 
row is the PPG pulse maximum slope, i.e. dV/dt max (V’M). Arrows indicate the alternating 
pattern in P’M , with grey arrows indicating the pulses lost due to recalibration. 
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9. PPG Technology 

PPG is a non-invasive technique that allows measuring blood volume 

changes. It was first described in the 1930s [53], and in the simplest terms, 

the PPG waveform is a measurement of light absorption by the local tissue 

over time. Multiwavelength usage has led to ratio determination between 

different substances in the tissue, i.e. oxygenated and deoxygenated 

haemoglobin, but their absolute values remain unknown. 

The PPG technology measures hemodynamic changes by illuminating 

tissue with light in the visible and infrared spectrum. The technology has 

advanced in recent years and further to saturation levels, it is currently 

capable of detecting: Pulse Rate Variability (PRV) [33], respiration rate 

[34], [35], sleep apnoea [36]–[38], PVCs [39], heart rate turbulence [40] 

and atrial fibrillation [42]. 

Via pulse oximeters, PPG has been commonly used in clinics since the 

1980s [54], and in recent years, PPG sensors have also been customised 

and added to wearable consumer devices such as fitness and wellness 

trackers. In 2016, the estimated global market for pulse oximeters was 

$1.68 Billion [55], and the number of consumer wearable devices sold 

yearly reached 102.4 million units [56]. 

Though the technology is remarkably useful and widespread, the exact 

physiologic source of its waveform is still unknown. With calibration lacking, 

PPG absolute values cannot be directly compared between subjects.  

Given these considerable limitations, as well as the immense potential 

that PPG technology promises, the following section presents an overview of 

this technology.  

The literature summary will seek to gather research from clinicians, 

engineers and manufacturers. A series of qualitative and quantitative 

assessments have also been performed in Chapter 2, where the results will 

be presented and discussed in relation with existing research. 
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9.1. Background 

From a practical perspective, PPG is a very simple technology. It 

requires at least one light emitter, commonly an LED, and at least one light 

detector, commonly a photodiode (PD), arranged in one of the following 

configurations: transmissive or reflective, see Figure 1.15 [57]. There is 

also a reflective non-contact mode of recording, imaging PPG (iPPG) [58], in 

which the skin is illuminated over a wide area, and a video camera records 

small variations in the reflected light.  

 

 

Due to the tissue being more forward scattering, the transmissive probe 

typically has higher signal to noise ratio (SNR), as more light reaches the 

photodiode compared to reflectance PPG. However, the transmissive-mode 

is limited to measuring at specific locations, i.e. fingers, tows, earlobe; 

while the reflective-mode can measure at any location on the body. To 

optimize the SNR, red-infrared wavelengths are used for transmissive PPG 

and green-orange for reflective PPG. Even so, typical SNR values are low 

(1-25%), meaning that the light absorbed by the pulsating tissue is several 

times smaller than the light scattered by the non-pulsating tissue.  

The resulting signal is characterised by a fast pulsating element, 

referred to as the AC component, related to heart contractions and cardiac 

output, and a slow varying baseline, the DC component, related to 

respiration, tissue movement, tissue perfusion, tissue pigmentation, central 

nervous system (CNS) function, ambient light, temperature and possibly 

other factors. Some common physiological features which can be extracted 

from the PPG signal are represented in Figure 1.16.  

 

 
  (a)         (b) 

Figure 1.15. – Transmissive (a) and Reflective (b) modes of PPG recording.  
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9.2. Theoretical aspects 

The theoretical approach towards explaining the signal obtained via PPG 

is based on the Beer-Lambert law, which quantifies the absorbance of light 

on a well-defined path through a homogenous material. 

𝐴(𝜆) =  − log(𝐼𝑜𝑢𝑡/𝐼𝑖𝑛) =  𝜀(𝜆) ⋅ 𝑙 ⋅ 𝑐 (1.1) 

Where 𝐴 is the absorption of a medium (cm-1), 𝐼𝑖𝑛 and 𝐼𝑜𝑢𝑡 represent the 

intensity of incident and emerging light, 𝜆 the wavelength, 𝜀 the absorption 

coefficient, 𝑙 the length of the light path through the medium and 𝑐 the 

concentration of the solution in the medium. The main PPG waveform 

components are illustrated in Figure 1.17. [59]. 

 

 
Figure 1.16.  Waveform recorded at the wrist using reflective-mode PPG. Pulse 

Amplitude - surrogate of cardiac output, IBI (Inter-Beat Interval) - surrogate of cardiac 

cycle length (RR interval), Pulse Rate - surrogate of heart rate. The breathing rate is 

manifested both in the low frequency variations and the pulse morphology. The 

Perfusion Variation represents a change in non-pulsatile blood volume in the tissue. 

  
(a)            (b) 

Figure 1.17 - PPG waveform origin. The first picture (a) is a tissue schematic in the 
probe contact region, reproduced from [59]. The second graph (b) illustrates to origin of 

the AC (pulsatile) and DC (low frequency varying) components of the PPG waveform, 

with respect to 0 Volts.  
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To account for all the substances in the tissue and light transmission 

efficiency equation (1.1) becomes: 

𝐴(𝜆) = 𝑙 ⋅ ∑(𝜀𝑖(𝜆) ⋅ 𝑐𝑖)

𝑖

− log(𝜂𝑒𝑚𝑖𝑡𝑒𝑟−𝑠𝑘𝑖𝑛) − log(𝜂𝑠𝑘𝑖𝑛−𝑑𝑒𝑡𝑒𝑐𝑡𝑜𝑟) (1.2) 

𝜂 are the efficiencies emitter and detector skin contact, 𝜀𝑖 and 

𝑐𝑖represent the absorption coefficient and concentration of each tissue 

element: dermis, bone, pigment, arterial blood, venous blood and hair 

follicles. 

The pulsatile part of the PPG (PPG AC) is linked to cardiac modulations, 

while slower components (PPG DC) are modulated by respiration, central 

nervous system and other unknown factors. By making this distinction, it is 

possible to use PPG AC to determine pulse rate variability, ectopic beats, 

AF, pulse transit time, respiration and heart rate turbulence. Clinicians can 

use the pulse oximeters that display the AC component to make 

assessments of patient’s heart function [60]. For pulse oximeters, it is 

assumed that only the arterial blood varies within the cardiac cycle time 

frame. Therefore, by time-deriving (1.3), we obtain: 

𝑑𝐴(𝜆)

𝑑𝑡
=  𝑙 ⋅ 𝜀(𝜆)𝑎𝑟𝑡𝑒𝑟𝑖𝑎𝑙 ⋅

𝑑𝑐𝑎𝑟𝑡𝑒𝑟𝑖𝑎𝑙

𝑑𝑡
 (1.3) 

This equation is used in pulse oximeters to calculate the oxygen 

saturation. 𝜀(𝜆) is known for oxygenated and deoxygenated blood from in 

vitro spectroscopy [61], see Fig. 1.18 [61]..  

 

By choosing two wavelengths, the blood saturation can be estimated, as 

a linear relationship, by calculating the ration between 𝐴(𝜆1) and 𝐴(𝜆2). Most 

pulse oximeters use red and infrared as the two wavelengths. 

 
Figure 1.18. - Spectral response of haemoglobin in blood.  
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Overall, there are several limitations in using Beer-Lambert law and its 

equations to quantify blood volume. Firstly, the Beer-Lambert law 

represents a simplification which does not consider light scattering, 

reflection, transmission and fluorescence. Secondly, the concentration of 

each tissue element, 𝑐𝑖, is unknown. Even if the concentrations could be 

measured, they will vary with each subject and with each measurement 

location. By using multiple wavelengths, and calculating absorption ratios, 

the number of unknowns could be reduced. This process, however, provides 

limited accuracy due to the imprecision of its assumptions: 

1. Light travels the same path at different wavelengths. Studies have 

shown different PPG wave morphology for different light wavelengths 

[62]. 

2. Only arterial blood varies during a cardiac cycle. The amplitude of 

PPG AC is dependent on stroke volume, vascular compliance and 

tissue congestion effects [60], [62]. Although the arterial blood flow 

has a pronounced effect on modulating the AC component, according 

to other theories [63], the pressure in the arteries could cause a 

change in density in the dermis, thus changing the dermis absorption 

coefficient (𝜀(𝜆, 𝑡)
𝑑𝑒𝑟𝑚𝑖𝑠

) and the total absorption detected by the 

detector. 

Unsurprisingly, most available pulse oximeters are accurate only within 

a certain range, typically 70-100% [64].  

Although the Beer-Lambert law has some use for multiwavelength 

recordings, it becomes very limited for single wavelengths recordings due to 

its large number of unmeasurable constants. Hence, the physiological 

source of PPG remains unknown, its absolute measurements remain 

adimensional and its capability remains bound to measure changes, i.e. 

cardiac pulse, pulmonary cycle. Despite these severe limitations, 

researchers have measured PPG through temporal, spectral and relative 

values, consequently demonstrating several uses for the technology [54], 

[60], [65].  

In the absence of a strong theoretical model, experimental observations 

become even more important.  
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9.3. Practical Aspects 

Previous studies have linked the amount of light received by the PPG 

detector to: blood volume [65], arterial blood vessel wall movement [58], 

orientation of red blood cells (RBC) [66], tissue pigmentation [67], 

temperature [68], [69] and pressure between the sensor and skin [63]. 

The separation between the AC and DC components has provided 

simplification and clarity to signal analysis. Most applications of the PPG, 

this study included, rely on the AC component analysis, which is tightly 

linked to cardiac function. Pulsatile signal power is measured through the 

AC/DC ratio, which is also the SNR. 

The path light takes in reflection mode PPG has been analytically 

demonstrated by Feng [70] and demonstrated in vitro by Cui [71]. The 

photons travelling between the emitter and detector form an arc shape 

which increases in cross-section and depth with increased wavelengths, 

Fig.1.19 (a). Transmission PPG is similarly affected due to tissue scattering 

[72] , Fig.1.19 (b). 

 

9.3.1. Sensor Pressure and Wavelengths 

The pressure between the PPG sensor and skin location affects both AC 

and DC in PPG [58], [62], [73]–[75]. Pulse amplitude is initially increased 

with pressure, and then decreased due to arterial occlusion. The optimal 

pressure for pulsatile detection would be close to the mean arterial 

pressure. Some studies have reported highest amplitudes at 80mmHg for 

the wrist under red light [75], or 0.4 Newton force for the finger at infrared 

  
(a) (b) 

Figure 1.19. - Photon likelihood path for visible  wavelengths in PPG (a) reflective 

mode and (b) transmissive mode 

LED 

PD 
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light [74],[73]. Pressure induced occlusions will most likely affect smaller 

blood vessels at lower skin depths [62]. Therefore, it is hypothesised that 

the optimal skin-sensor pressure for green and blue light is lower than that 

of red/IR light.  

Light intensity of the emitter should not affect the AC/DC ratio; 

however, many wearable devices increase the light intensity during exercise 

and intense motion. Some experimental evaluations have showed a 

variation in AC/DC with light intensity [76]. The light barriers between the 

emitter, tissue and detector seem to play a bigger role in determining the 

signal quality. Further studies are needed. 

Sensor placement is a very important factor for wearable devices and 

many studies on this remain out of the public domain. There is however an 

older, but important physiological study [77] which examines 

microcirculation at several measuring sites. It uses PPG at infrared light 

along with laser Doppler velocimeter at red light to asses blood prefusion. It 

reports highest perfusions for fingers, face and ears, but the wrist is not 

measured. The highest pulsatile body sites (finger, ear) are impractical for 

continuous wearing outside hospitals, and wrist devices remain the most 

widespread PPG devices. A comprehensive study comparing measurement 

sites for different wavelengths is needed. 

9.3.2. Movement Induced Artefacts & SNR 

PPG is extremely susceptible to movement induced artefacts [78], and 

depending on sensor design, susceptible to outside light sources. Movement 

artefacts have a physiological origin: motion creates changes in the blood 

volume, which affect the PPG DC component.  

Due to many cofounding factors affecting PPG, the SNR (signal to noise 

ratio) definition depends on the application. The afore-referenced studies 

have been inconsistent with SNR definitions. For many applications, this one 

included, SNR is defined as the ratio between PPG AC and PPG DC. During 

movement, SNR can become zero, as the AC component is supressed by 

sudden continuous DC variations. In resting conditions, in most wearable 

devices, the SNR is <3%. This number depends on the perfusion of the 

tissue area in which the sensor is located.  
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These physiological and hardware limitations have led to complex 

software solutions of dealing with noise or movement [57]. Most clinical 

studies utilizing PPG rely on resting conditions and minimal motion noise.  

9.3.3. Industry Insights 

The progress and development of different sensor components has 

influenced the improvements in PPG technology.  

PPG’s first use is in pulse oximeters. Red and infrared wavelengths are 

used to obtain the signal and calculate oxygen saturation levels. The market 

for pulse oximeters is now dominated by two companies, Masimo and Nonin 

Medical Inc.; both focus on measuring oxygen saturation levels at different 

locations on the body, but they can also measure pulse rate measurements 

and respiration rates. With most of their customers being healthcare 

providers, they differentiate themselves by offering different types of 

sensors and connectivity solutions, e.g. integration with various patient 

monitoring systems, ease of application and removal and so forth. Masimo 

also has invested in signal processing intellectual property (IP) and offers a 

range of pulse analysis metrics, including a measure of pulse intensity for 

each heartbeat named Pleth Variability Index (PVi®). Pulse intensity should 

be analogous to pulse amplitude or peak, similar to the R or T wave peak 

values on an ECG. However, as clinicians who have tried to use the PPG 

signal for other purposes than oxygen saturation report [60]: pulse 

oximeter manufacturers alter the PPG AC signal to offer a ‘pretty’ signal and 

make it easier to market and to protect IP. Excessive filtering and adaptive 

amplification suppress important physiological information. It is unclear 

whether this alteration is done solely for altering the display signal and to 

what extent the exported signal is affected. 

The components of a typical PPG sensor can be segmented into three 

parts, as seen in Table 1.1. The optical front end (OFE) is the part that most 

influences the recorded signal and its SNR. It includes specification 

requirements such as distance between LED and PD, and orientation, light 

wavelength, pressure on skin and optical mask design. The analog front end 

(AFE) is the part that handles signal amplification, filtering and digitization. 

To amplify the signal, a trans-impedance amplifier (TIA) is commonly used 

to convert the current emitted by the photodiode to voltage. Since the PPG 
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AC signal is a small part of the recorded signal, digitization can result in a 

small practical pulsatile signal resolution. The AFE can also control for that 

by adapting the recording window to the envelope of the AC signal of 

interest. Finally, a processing unit, commonly a micro-controller (MCU), 

collects and stores the data. It can also control the operation of the sensor, 

i.e. ambient light removal, movement detection. 

 

In recent years, more integrated circuit components have become 

available, allowing a device developer to integrate the OFE and AFE into a 

single component. However, most devices on the market do not use off-the-

shelf integrated sensors, preferring to develop the OFE, AFE and MCU 

independently of each other. 

PPG technology has started to be used in wearable devices, for 

approximately one decade, for obtaining biometric data: heart rate, 

movement, sleep etc. The first accurate wrist wearable sensor was 

developed at Koninklijke Philips Electronics N.V. [79], and was licensed to 

fitness device companies. Its unique selling point was measuring heart rate 

during intense motion, i.e. exercise. Over the years, other companies have 

developed their own sensors and processing technology. Some report to 

have spent close to $1 million for developing the technology required for 

accurate measurements. 

The general innovation progress in this market has been towards 

extending battery life and improving accuracy of heart rate measurements 

during intense exercise conditions. Most developments have been on the 

software side (MCU), focusing on mitigating movement induced noise, and 

are a well-guarded IP. Several companies, such as Apple and Fitbit, 

TABLE 1.1  
PPG Sensor Components 

OFE 
Optical Front End 

AFE 
Analog Front End 

MCU 
Microcontroller Unit 

 
In contact, or in proximity, 
with skin tissue. 
 
Includes: 

• Light emitting units 

• Light sensing units 

 
Amplifies, filters and 
digitizes the light sensing 
unit signal. 
 
Can control operation of: 

• Light emitting units 

• Light sensing units 

 
Software/Firmware.  
 
Stores and processes 
collected data. 
 
Can analyse collected data. 
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expressed their will to enter the health market through their wearable 

devices [80], [81]. This, however, requires continuous measurements of 

motion free raw PPG signal. As of today, few wearable devices provide 

continuous recording, and those who overcome movement artefacts provide 

accuracy only for heart rate estimations. Even with further developments, it 

is very likely that for clinical applications, reliable PPG data will have to be 

obtained during motion free conditions. 

At the beginning of this project there were no wearable devices capable 

of continuous PPG recording from the wrist at 100Hz sampling rate or 

higher. Beyond averaged heart rate data, the raw PPG waveform was 

difficult to obtain. At that point, there was also no quantitative recording of 

a subject exhibiting alternans in the PPG. The specifications of an optical 

device capable of detecting MA via PPG had to be estimated using the 

physiological studies that have researched MA in BP [20], [28], [49], [82]–

[85], and the existing literature regarding light measurements in tissue 

[72], [86]–[89]. I hypothesised that near-green wavelengths (500nm to 

600nm) were the best for measuring arterial blood volume changes, and 

the finger, although impractical for wearable applications, was the best 

location to measure from. Chapter 2 verifies this hypothesis. 
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Chapter 2 

Photoplethysmography 
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1. Introduction 

This chapter investigates, qualitatively and quantitatively, three PPG 

sensors, one off-the-shelf and two custom designed. More importantly, it 

provides a theoretical clarification in the definition of the PPG waveform 

obtained from the wrist.  

There are several specifications that can differ in the design of a PPG 

sensor: recording mode (transmissive vs reflective), amplification settings, 

distance and angle between PD and LED, pressure on skin, light wavelength 

used and sensor body location. This has led to a discrepancy in the PPG 

pulse waveform morphology recorded at different body sites with different 

sensors. In this section, I will compare the two main sensing configurations: 

Red/IR finger pulse oximeter and Green wrist PPG. Most research into 

clinical uses for PPG is done utilizing medical grade finger PPG with Red/IR 

wavelengths and most devices collecting PPG data are wrist worn devices 

using green PPG. Therefore, it is important to establish a link between the 

two that would allow cross compatibility of pulse feature calculation. Finally, 

I will present a case recording of a subject exhibiting MA-type oscillations in 

the PPG. 

Throughout this thesis, the pulsatile PPG will be inverted, such that the 

systolic is represented by the top side of the pulse, similar to the BP pulse. 

 
 

Figure 2.1. – PPG AC extracted from the raw PPG waveform. 
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2. Infra-Red Sensors 

From a technical perspective, it makes perfect sense to use IR sensors 

to do PPG measurements. IR light penetrates deeper into human tissue, is 

less sensitive to skin pigmentation and silicon photodiodes reach peak 

sensitivity in the IR region of the spectrum.  Furthermore, IR LED and 

photodiodes are cheaper and more widely available than narrow-band, 

colour specific photodiodes. In practice, however, numerous disadvantages 

arise for IR PPG. Firstly, the higher tissue scattering coefficient makes the 

signal very susceptible to tissue movement noise. Secondly, the absorption 

coefficient of blood is lower for IR than for visible wavelengths, meaning 

that the change induced by pulsatile blood volume changes would be 

minimized for IR.  

Nevertheless, IR PPG is the most widely used and displayed waveform 

[60] in pulse oximeters. It is referred to as the ‘calibration wave’ due to 

both oxygenated and deoxygenated haemoglobin absorbing IR light to the 

same degree.  

The first investigation was done using the OPT 301 photodiode due to its 

high sensitivity and integrated TIA (trans-impedance amplifier). Both 

reflectance and transmission modes were examined using several sources of 

light: Infra-Red (IR) LED, Ambient light, white light. A simple circuit 

schematic was designed to integrate analog low and high pass filtering, as 

well as further amplification, Figure 2.2. Data was recorded using a National 

Instruments USB6002 device.  

 

OFE 
(optics) 

AFE 
Analog Front End 

MCU 
(processing) 

IR LED + OPT301 PD 

  
+ NI 6002 Data Acquisition Unit for digitization 

 
 
 
MATLAB 
software 
 
Laptop 
 
 

Figure 2.2 – IR PPG Sensor Components. Analog circuit used amplify, filter and extract the 

PPG signal 
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Transmissive PPG was only used at the finger where the pulse could be 

detected even with just the ambient light illuminating the finger. For other 

body sites, there is more tissue to absorb light and therefore decreased 

signal quality. The pulse could be detected at the finger, palm, wrist, 

forearm and even upper arm. Optimal positioning and contact pressure of 

the sensor were required to detect a pulse, particularly in the forearm and 

upper arm, probably due to arterial movement as suggested in [58], [75]. 

There were also very large DC variations caused by ambient light. A person 

passing by, one meter from the sensor, in a well-lit room, would influence 

the signal.  

The pulse recorded when the probe was positioned at the finger showed 

the highest pulsatile variations, as it was expected [77].  

In conclusion, IR is not a suitable wavelength to measure PPG at low 

perfused body sites, or in wearable applications where movement and 

ambient light vary. For a wearable application, the sensor should ideally be 

able to detect ambient light and the signal must be digitized before any 

filtering to reduce potential interference.   
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3. Wavelength Dependency 

The scope of this section is to quantifiably investigate the optimal 

wavelength to be used for PPG cardiac sensing, i.e. strong pulsatile 

component. The sensor of choice was the Hamamatsu P12347 -01CT, see 

Fig. 2.3. This sensor was chosen for its multi-wavelength capability (Red – 

635nm, Green – 540nm, Blue – 465nm, InfraRed >630 nm), integrated 

digitisation and minimal size.  

3.1. Methods 

Measurements were taken from the index finger, from 3 healthy 

volunteers, for a duration of 30 seconds. PPG AC pulsatile variations were 

evaluated.  

3.1.1. Apparatus 

 

The sensor was soldered to a custom PCB board and covered in a black 

mask with a sensor cut-out. An Arduino ProMini, processor ATmega328, was 

used to communicate with the sensor via I2C serial protocol. The data was 

stored on an SD card, and then exported to a laptop for offline analysis 

using bespoke MATLAB software. A typical recording can be seen in Fig 2.4. 

 

Integrated 
OFE and AFE 

MCU 
(Arduino) 

 
R/G/B/IR photodiodes + RGB LED  

Arduino ProMini ATmega328 
Figure 2.3.  PPG Sensor Components 

 
Figure 2.4 – Typical four channel (R, G, B, IR) recording segment of PPG AC. 
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The LEDs were set to continuous DC 16 mA. The 4 colour specific PDs 

were used to sense light but only 3 LEDs (RGB) to illuminate. The sensor 

exported the readings in units of lux. The light sensitive area was small: 

0.203 mm2 for red and 0.121 mm2 for green, blue and IR channels. As a 

result, longer exposure times were needed for each channel. A trade-off 

between sensitivity and sampling frequency was achieved with exposure 

times of 10 ms per channel, which provided adequate pulse morphology. 

The integrated circuit had a single Analog to Digital Converter (ADC), which 

it used sequentially to transfer information from each colour channel. An 

exposure time of 10 ms/channel resulted in a total readout cycle time of 40 

ms (4*10), which offers a sampling rate of ≈25Hz.  

3.1.2. Signal Analysis 

The PPG signals were evaluated using the following two metrics: 

(i) AC/DC ratio, i.e. power of the pulsatile component; 

The ratio was calculated for each pulse, by dividing the pulse amplitude 

(PPG AC) with the baseline value (PPG DC). PPG DC was obtained by low 

pass filtering (FIR, 0.3 Hz) the PPG signal, and PPG AC was defined as 

follows: PPG AC = PPG DC - PPG; see Fig. 2.5. 

 

  

 
Figure 2.5. – Typical recording segment of the raw PPG and the calculated PPG DC 

and PPG AC. This waveform is the blue wavelength PPG. 
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Pulse amplitude was measured in lux. However, a normalized waveform 

(𝑃𝑃𝐺𝑁) was also calculated to obtain an average normalized pulse 

morphology: 

𝑃𝑃𝐺𝑁 =  
𝑃𝑃𝐺𝐴𝐶

𝑃𝑃𝐺𝐷𝐶
 (2.1) 

(ii) Pulse Variation, i.e. susceptibility to noise.  

Further to pulse amplitude measurements, a measure of beat-to-beat 

stability of the pulse was defined in order to assess the variability of the 

readings. It is assumed that over the analysed period of recording, 30 

seconds, the morphology of the pulse should show little variability, mainly 

related to respiration. A template representing the mean beat morphology 

was calculated by aligning and averaging all the beats in the recording; 

Then, the morphological correlation between each pulse and the template 

was calculated for each beat, see Fig. 2.6. 

 

Each channel recording measured 30 or more heart pulses for each 

subject, thus allowing statistical comparison between wavelength specific 

pulse groups down to a probability of p<0.033. 

  

 
Figure 2.6. – PPG Pulse morphology variation. The recorded pulses are overlapped to 

calculate the mean pulse which is compared (Pearson Correlation) to each pulse 

individually. The pulse amplitudes were calculated by subtracting the pulse trough (□) 

values from the pulse peak (○) values.  
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3.2. Results 

Across all subjects, the mean pulse AC amplitude of each channel was: 

Blue (114 lux), Green (91 lux), Red (45 lux) and IR (12 lux). Blue and 

green remain the top performing wavelengths even when correcting for the 

steady state tissue light absorption, i.e. dividing by PPG DC. Red, however, 

provides a lower normalized pulse amplitude than IR. The IR channel does 

not have an integrated light emitter, and utilizes the ambient light passing 

through the finger to record in transmissive mode. 

The average normalized beat morphologies and amplitudes can be seen 

in Figure 2.7. 

 

The blue wavelength provided the largest normalized pulse amplitude, 

followed by green, infra-red and red. In all subjects, both green and blue 

wavelengths offer pulse amplitudes at least twice as big than red and infra-

red.  

The second evaluation metric, pulse variation, was measured by 

comparing, i.e. Pearson Correlation, each wavelength-specific beat with all 

the other beats of the same colour. High correlation values over a narrow 

spread are indicative of a stable pulse morphology, while low correlation 
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Figure 2.7. – Power of the pulsatile component for each light wavelength. All 
differences in pulse amplitude are statistically significant (p<0.05), except for the R/Ir 

pair (•) in subject 3. 
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values over a widespread are indicative of a variable pulse morphology. The 

results for each subject are presented in Figure 2.8. 

 

The IR pulse stability was lower (p<0.05) than all the other channels, 

except for subject 3, where it was only statistically significantly lower 

(p=0.049) than green; p=0.52 with red and p=0.07 with blue. However, 

these results are representative for motion free conditions. Where the 

subjects moved their finger, measurements were repeated. Although in 

these measurements, no significant differences were quantified for visible 

light channels (RGB), blue light was found to be more susceptible to 

movement induced artifacts.  

Furthermore, the direct waveform correlation was evaluated for each 

wavelength PPG. A strong correlation was found for Green and Blue (>.98), 

slightly decreased for Red (0.95) and lowest for IR (> .9). 
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) Red       0.94  (± 0.04) 0.94  (± 0.04) 0.91  (± 0.05 ) 

Green       0.95  (± 0.04) 0.90  (± 0.13) 0.90  (± 0.07 ) 

Blue       0.95  (± 0.05) 0.90  (± 0.10) 0.90  (± 0.10 ) 

Infra-Red       0.90  (± 0.07) 0.76  (± 0.29) 0.86  (± 0.10 ) 

 
Figure 2.8. – The correlation between each pulse and the wavelength specific subject 

average pulse is plotted with black diamond markers. The graphs illustrate the 

median (red line), the 25-75 interquartile (blue box) and the outliers (red cross). The 

mean and standard deviation of the correlation values for each wavelength and subject 

are presented under each graph. There is no statistically significant (p<0.05) difference 

between R, G and B in any subject. 
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3.3. Conclusion 

This analysis shows that powerful pulsatile signals are obtained by using 

blue or green light (450:555 nm) and stable pulse morphology is offered by 

green or red light (525:630 nm). The higher pulsatile amplitudes for green 

and blue light are likely due to the higher blood absorption coefficient, 

which is an order of magnitude higher [67] than for red and IR. However, 

the PPG AC for blue light is also more susceptible to noise and provides less 

stable pulse recordings than the red and green lights. This may be due to 

the low depth penetration of blue light [87], causing the detected light to be 

more affected by small epidermal movements. Green light has a more 

stable pulse morphology, therefore appears to be less affected by dermal 

tissue. It is important to note the benefits of using red light when dealing 

with low peripheral blood flow – as these wavelengths penetrate more into 

the skin tissue, not only due to low skin tissue absorbance, but also because 

melanin absorbs wavelengths closer to UV (blue) more than wavelengths 

close to IR [90].   

The findings of this section agree with existing literature [62], [91], 

[92], although methodologies vary greatly across publications. In 

conclusion, it can be said that the pulsatile component of PPG is affected 

more by epidermal tissue in close to UV wavelengths, and more by 

endodermal tissue in close to IR wavelengths. The optimal wavelength to be 

used should be between green and red (525:630 nm), the final choice 

coming down to three contingent variables: perfusion of the local tissue, 

susceptibility to movement induced noise, and skin pigmentation. 

A photodiode with a larger sensitive area and an apparatus with higher 

sampling rates are needed to detect pulsatile waveforms at body sites with 

lower perfusion than the finger, i.e. wrist. 

  



PHOTOPLETHYSMOGRAPHY 

48 

4. Finger PPG vs Wrist PPG 

This section aims to investigate and link the waveforms obtained from 

the most common types of PPG. Despite the bewildering variety of sensor 

configurations and locations, most of the PPG sensors in use today are 

either found at the finger in pulse oximeters, using Red/IR emitters, or at 

the wrist in smart-watches, using Green emitters. A new setup was 

designed to simultaneously record PPG at the finger and wrist. 

4.1. Methods 

Same hand wrist-finger and opposite hand finger-finger recordings were 

taken from 8 healthy volunteers during rest in sitting position. 

Measurements lasted for 60 to 100 seconds and included a minimum of 70 

individual heart beats. 

4.1.1. Apparatus 

For the finger recording, a Nonin Red/IR transmissive sensor was used, 

along with the CE marked PO2-100U from iWorx to communicate the data 

to a laptop via USB, see Fig 2.6. (a). Labscribe v3 software was the data 

acquisition software used.  

 

For the wrist device, a custom sensor was built to specifications similar 

to existing wrist PPG devices on the market: green sensitive PD (450-650 

nm) with two green LEDs (540 nm) at 2 and 4mm distance from the PD, 

see Figure 2.7. The sensor was placed at the wrist, similar to a smartwatch, 

using a wrist strap. The AFE4490 evaluation board was used to control the 

LED lighting, amplification, digitization and export the signal to a laptop via 

 
(a)  (b) 

Figure 2.6.  Apparatus for finger PPG (a) and recording setup for comparing wrist PPG 

with finger PPG (b). 
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USB. The evaluation board GUI was used to collect and export the data. 

Another finger probe (OFE) was used to compare the PPG waveform at two 

finger simultaneously. This was based on the same AFE and MCU as the 

wrist sensor, but had a different finger Red/IR probe, see Figure 2.8. All the 

data was then analysed offline using MATLAB version 2017a. 

 

 

For the sake of clarity, a nomenclature differentiation will be made 

between the wrist and finger PPG. The finger signal will be named PPG and 

the wrist signal will be named BVP (Blood Volume Pulse). 

For the reference finger waveform, PPG was collected at 200 Hz 

sampling frequency and it was filtered with a FIR 10 Hz low-pass filter, 

order 100. The signal was automatically detrended (high pass filtered) by 

the acquisition device. This is common for most clinical PPG devices. The 

second PPG recording apparatus, Figure 2.8., used the same recording 

specifications as the wrist device, but with Red/IR OFE in transmissive 

mode.  

OFE 
Optical Front End 

AFE 
Analog Front End 

MCU 
Microcontroller Unit 

 
2 Green LEDs + Green PD 

 
AFE 4490 chip from Texas 

Instruments Inc. 

Laptop 

Figure 2.7.  Wrist PPG Sensor Components 

 

 OFE 
Optical Front End 

AFE 
Analog Front End 

MCU 
Microcontroller Unit 

 
Transmissive Red/IR 

 
AFE 4490 chip from Texas 

Instruments Inc. 

Laptop 

Figure 2.8.  Finger PPG Sensor Components 
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BVP was collected at 500 Hz sampling frequency and it was filtered with 

a FIR 10 Hz low-pass filter, order 250. The signal was then downsampled to 

200 Hz to match the PPG signal. The LEDs were operated at 15 mA with a 

25% duty cycle. The TIA amplification settings were set to 50 pF and 50 kΩ. 

DC values, i.e. baseline, was recorded and the signal detrended. 

4.1.2. Signal Analysis 

Pulse peak locations were detected for each signal and PRV (pulse rate 

variability) was used align the two waveforms. Finally, each BVP pulse was 

paired with its corresponding PPG pulse. The derivatives of each signal were 

calculated by dividing consecutive data samples and filtering the resulting 

waveform with a 7 Hz low-pass filter to eliminate noise. For PPG, the 

integral was calculated by cumulatively adding the data samples and 

subtracting the mean pulse value, see equation (2.2); the 1st and 2nd 

derivatives of PPG were also calculated. 

∫ 𝑃𝑃𝐺(𝑡) 𝑑𝑡 = ∑(𝑃𝑃𝐺(𝑡) − 𝑚𝑒𝑎𝑛(𝑃𝑃𝐺))  (2.2) 

For BVP, the 1st, 2nd and 3rd derivative were calculated. A typical pulse 

morphology for each signal can be seen in Figure 2.9. 

Pearson correlation of the PPG, BVP waveforms and their respective 

derivatives was used as a metric to measure similitudes between the 

signals. For reference purposes, PPG was also compared in terms of 

correlation with the blood pressure (BP) waveform. A dataset of 16 healthy 

patients with simultaneous PPG, BP and ECG recording during a table-tilt 

test [93] was used for this purpose.  
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4.2. Results 

 

As it can be seen in Figure 2.9., there is a striking similarity between 

BVP’ and PPG, as well as the PPG’-BVP’’ and PPG’’-BVP’’’ pairs. The mean 

correlation values for all the pairs are presented in Table 2.1. for all the 

subjects (N=8), along with the comparison between finger pulse oximeter 

Physiological  
measure 

Blood  
Volume 
Pulse 

 

Blood 
Volume 

Blood 
Flow 

Blood 
Acceleration  

  
Figure 2.9. – Pulse recorded simultaneously from the left-hand index finger and wrist. 

The coloured waveforms are the recorded signals and the grey waveforms are their 

respective integrals or derivatives. All y-axis values are in arbitrary units. 



PHOTOPLETHYSMOGRAPHY 

52 

PPG and finger cuff blood pressure from the separate data set (N=16)

 

The finger-finger and finger-wrist correlations are significantly higher 

than finger PPG-BP for blood volume, flow and acceleration. The median and 

interquartile ranges of the correlation values are illustrated in a set of 

boxplots in Figure 2.10.  

 

TABLE 2.1. 

Correlation Values for PPG waveforms 

Physiological 
measure 

PPG Finger 
Mean (± SD) 

PPG Wrist 
Mean (± SD) 

BP Finger 
Mean (± SD) 

Blood Volume 
Pulse 

∫ PPG 0.46 (±0.12) BVP 0.02 (±0.28) n/a - 

Blood Volume PPG 0.80 (±0.05) BVP’ 0.83 (±0.07) BP 0.32 (±0.12) 

Blood Flow PPG’ 0.81 (±0.03) BVP’’ 0.84 (±0.03) BP’ -0.18 (±0.11) 

Blood 
Acceleration 

PPG’’ 0.76 (±0.07) BVP’’’ 0.70 (±0.10) BP’’ -0.47 (±0.11) 

The correlation values are between these signals and the reference finger PPG (pulse 

oximeter). There were N=8 subjects for finger and wrist PPG and N=16 for BP finger. 

 
Figure 2.10. – Correlation values of finger Red/IR PPG waveform compared to 

waveforms recorded at: opposite hand finger Red/IR PPG (n=8), same hand wrist green 

PPG (n=8) and same hand finger blood pressure (n=16). The first and second derivative 

of BP (BP’ & BP’’ in brackets) are inversely correlated to PPG. 
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No significant difference exists between finger and wrist for blood 

volume, flow and acceleration, meaning that the calculated BVP’ is as 

similar to the pulse oximeter PPG waveform as the PPG waveform from a 

different finger.  

The correlations are slightly higher for blood flow than for blood volume. 

However, the finger reconstructed blood volume pulse, i.e. ∫ PPG, is very 

different than the recorded wrist BVP, correlation = 0.02. This is likely due 

to the imprecise equation (2.1), which requires a low frequency time-

varying constant where mean PPG was used. The mean PPG does not 

account for slow variations such as perfusion or respiration. Therefore, the 

correlation between the waveform drops dramatically despite the pulsatile 

element being present and synchronous.  

4.3. Conclusion 

This analysis shows that green light wrist PPG can be used to 

reconstruct the familiar pulsatile pulse oximeter waveform. This has direct 

implications for applying algorithms developed for pulse oximeters on 

wearable optical devices.  

On the other hand, these results imply there are inaccuracies in 

conventional PPG theory, when applied at the wrist with green light 

wavelengths. According to present theory, where only the pulsatile arterial 

blood contributes to PPG AC, the same signal waveform should be recorded 

at both the wrist and PPG; albeit weaker at the wrist due to low perfusion. 

Therefore, the highest correlation values should be between BVP and PPG 

(0.02), not PPG and BVP’ (0.83).  

I believe the reason for this discrepancy is related to the compressibility 

of the tissue at the wrist, which may have a stronger effect on PPG AC than 

the pulsatile blood when measured with green PPG. This theory is discussed 

more in this chapter’s 6.Discussion section. 

5. Beat to Beat Oscillations in PPG 

The first recording of PPG oscillations resembling blood pressure MA was 

obtained from a 51-year-old male volunteer during a bike stress test in 
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August 2016. He was hypertensive and had a family history of cardiac 

conditions.  

The AFE4490 board was used along with a Red/IR transmissive finger 

sensor to record the PPG signal. A segment of the recording showing the 

exercise period is presented in Figure 2.11.  

 

The subject started exhibiting high frequency oscillations at a steep 

increase in exercise intensity, at over 100 bpm; resembling conditions for 

MA in blood pressure. The pulse rate varied long-short-long, which was 

unexpected, as cycle length (RR intervals) does not change so much during 

MA. Unfortunately, no ECG was available to assess any potential cycle 

length variation. It may be that the patient had an arrhythmia, i.e. 

bigeminy, and there were no MA or that there was MA, the cycle length was 

constant, but due to the difference in pulse wave velocity of strong and 

weak beats, a pulse rate variation was also established. 

The second finding was that the suggested alternans varied in 

amplitude, see Figure 2.12. By plotting the beat-to-beat differences in 

amplitude, the variation is more clearly seen. Pulse amplitude appears to be 

modulated by a low frequency variation 0.1-0.3 Hz, changing the 

alternating phase at every inflection point. This is important because 

 
Figure 2.11. – PPG waveform (above) and pulse rate (below) exhibiting oscillations 

during exercise. On the top graph, the red circles are the pulse peaks and the black 

squares are the pulse troughs. 
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spectral methods of detecting alternans would be affected by phase 

changes. The low frequency variation is often attributable to respiration. 

The respiration was not measured separately in this volunteer, but it is very 

likely that respiration is causing the variations leading to phase change of 

alternans. This is assumed from the increasing frequency of phase change 

points with increased exercise intensity, denoting a higher breathing rate. 

 

The vertical dotted line represents the start of highest intensity 

exercise. At maximum intensity the perfusion decreased (PPG pulse 

amplitude) but the alternating pattern was maintained until recovery. 

Unfortunately, no blood pressure recording was conducted, so there was 

no confirmation that MA was present in BP. However, this finding is 

important because it showed that such oscillations could be detected by a 

conventional pulse oximetry sensor, finger Red/IR. Conducting research in 

hospital requires all equipment to be CE marked for safety – this limited the 

use of any custom-made sensors for hospital patient investigations. 

Therefore, this finding meant that I could rely on hospital pulse oximeters to 

detect alternans.  

 
Figure 2.12. – PPG recording during exercise. The dotted line indicates the start of 
highest intensity exercise. The second graph illustrated pulse amplitude differences 

from beat to beat; these are also measured in arbitrary units. 
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6. Discussion  

In this chapter, I have provided evidence that the finger PPG signal can 

detect pulsatile oscillations similar to MA. I have also demonstrated that 

strong pulsatile signals can be obtained with shorter light wavelengths 

(green, blue) as opposed to infra-red which is more scattered in the tissue 

and susceptible to movement induced noise and ambient light changes. 

Furthermore, I uncovered limitations of the PPG theory when applied at the 

wrist, and I provided a practical method for calculating the Blood Volume 

waveform, i.e. finger PPG, from the wrist PPG waveform. 

The ideal sensor for MA detection would be one that provides the 

highest AC/DC ratio, has little motion-induced interference and minimal 

tissue induced noise. From a design perspective these requirements could 

be optimised by using PPG at green to red wavelengths (predominantly 

green), establishing skin-sensor pressures of 60-80mmHg [75], subject-

calibrating illumination intensity and measuring at highly perfused sites, i.e. 

finger, ear lobe. Using the PPG from pulse oximeters (red/IR light at finger) 

satisfies some of these requirements and beat-to-beat oscillations 

resembling MA could be detected.  

Greenlight sensors, commonly found in wearables, are better suited to 

detect MA from the finger, or other highly perfused sites, but their 

placement on the wrist is detrimental for MA detection. Further to this, the 

wrist PPG (BVP) differs in morphology than what the theory describes. 

Therefore, it is hypothesised that wrist PPG AC is affected by compressible 

skin tissue as well as pulsatile blood. The components of BVP are described 

in Figure 2.13 (b). 

Reproducing the idealised PPG equation (1.2) for BVP, with perfect 

sensor-tissue light transmission efficiency: 

𝐵𝑉𝑃(𝑡, 𝜆) = 𝑙 ⋅ (𝜀𝑎(𝜆) ⋅ 𝑐𝑎(𝑡) + 𝜀𝑡(𝑡, 𝜆) ⋅ 𝑐𝑡 + ∑(𝜀𝐷𝐶(𝜆) ⋅ 𝑐𝐷𝐶)

𝑖

) (2.3) 

where 𝑡 is time, 𝜆 the wavelength, 𝑙 the length of the light path through the 

medium, (𝜀𝑎,𝑐𝑎) and (𝜀𝑡 , 𝑐𝑡) the absorption coefficient and concentration of 

the arterial blood and compressible tissue respectively. 𝜀𝐷𝐶 and 𝑐𝐷𝐶 are the 

absorption and concentration of non-pulsatile elements: uncompressible 

tissue, bone, pigment, venous blood and hair follicles.  
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Because pulsatile changes are very small, the relation between 

compressible tissue and arterial blood concentration can be approximated to 

be linear, thus 𝜀𝑡(𝑡, 𝜆) ⋅ 𝑐𝑡 =  𝒞 ∙ 𝑐𝑎(𝑡); where 𝒞 is a constant. Therefore, by 

time-deriving (2.3) we obtain: 

𝑑𝐵𝑉𝑃(𝑡, 𝜆)

𝑑𝑡
=  𝑙 ⋅

𝑑𝑐𝑎(𝑡)

𝑑𝑡
⋅ (𝜀𝑎(𝜆) + 𝒞) 

(2.4) 

which is expected to be highly correlated with the finger PPG waveform, 

see equation (1.3). 

However, the correlation between BVP’ and PPG is in the range of 0.7-

0.9. Even when accounting for apparatus imperfections, i.e. skin-sensor 

light transmission efficiency and potential movement artifacts, using 

equation (2.3), the Pearson correlation should be almost perfect: 0.9-1. 

This difference is likely due to the simplification that 𝒞 is a constant. In 

actuality, the compressible tissue absorption is mostly affected by arterial 

pressure rather than arterial volume; which implies there is a phase 

difference between the arterial blood pulse and compressed tissue pulse. 

This would explain the ‘flattened’ shape of the BVP pulse compared to the 

PPG pulse, see Fig. 2.9.  

More recent publications on iPPG support the idea that green light BVP 

is linked to tissue compression [58], [63] rather than blood volume. Their 

   
(a)  (b) 

Figure 2.13 – (a) PPG waveform origin and (b) BVP waveform origin. The second graph 

(b) illustrates to origin of the AC (pulsatile) as the sum of the pulsatile compressible 

tissue and the pulsatile arterial blood. 𝜀𝑐𝑡 and 𝜀𝑡 are the absorption coefficients of 
tissue when compressed and uncompressed, respectively. 
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main arguments are that green light penetrates at too shallow skin depth 

(0.5mm) to encounter enough arteries and that capillaries do not expand 

[94], i.e. increase blood volume, during systole. The results of this work 

support the idea that compressible tissue has a role to play in BVP pulse 

morphology. However, due to the high (0.83) correlation between BVP’ and 

PPG, it can be inferred that the pulsating arterial blood is by no means 

negligible.  

Even though capillaries do not expand during systole, they can change 

the orientation of the red blood cells, which has been proven to affect PPG 

[95]. Furthermore, the general admittance that green light can only 

penetrate ~0.5mm in the skin does not carefully consider the light-path 

assumptions used in obtaining that value [87], [90]. It is assumed that if 

the majority of light travels one way, i.e. arc shape – see Fig. 1.12., then 

that is the depth of light for that particular wavelength. However, when the 

signal of interest (PPG AC) is less than 5% of the steady state tissue light 

absorption (PPG DC), then the assumption begins to breakdown, and 

deeper light-paths should be accounted for. This can be demonstrated by 

creating a sensor with a very powerful light emitter. Using a green laser 

even transmissive PPG can be achieved at the finger; which means that 

despite most of the green light being absorbed, some photons can 

penetrate as deep as 1 cm into human tissue. 

In conclusion, inaccuracies in theory for wrist PPG can be mitigated 

through an additional time derivation of the raw wrist signal (BVP). Since 

MA type oscillations can be detected at the finger PPG, which is highly 

correlated with the time derivative of green light wrist PPG, MA may also be 

detected at the wrist under motion-free conditions. 
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1. Introduction 

BP values are commonly monitored in hospitals, as well as remotely, 

and they can be used as an indicator of patient wellbeing. Tracking BP 

changes over time can provide insights into patients’ health. While elevated 

BP, i.e. hypertension, tends to be chronic and require long term 

management, low BP, i.e. hypotension, can suddenly affect a patient’s 

health for the worse. Sudden drops in BP can lead to insufficient oxygen 

circulation to the brain and loss of consciousness, i.e. syncope. 

The work in this chapter will examine how the PPG can assess sudden 

drops in BP during episodes of ventricular tachycardia (VT). VT is a critical 

arrhythmia that requires monitoring and may become life threatening if left 

untreated. The condition manifests itself through consecutive premature 

ventricular contractions and abnormal excitation pathways that affect the 

diastolic ventricular filling and cardiac output.  

The clinical symptoms of VT depend on the degree of the hemodynamic 

compromise. VTs associated with low, but not threatening, BP are called 

hemodynamically stable and do not require intervention. On the other hand, 

VTs associated with a sudden dramatic reduction in BP, chest pain and 

dizziness are hemodynamically unstable and require immediate intervention 

to re-establish normal sinus rhythm (cardioversion) and prevent loss of 

consciousness. In the case of outpatients with implantable cardiac devices, 

therapy often results in defibrillation, i.e. electrical shock that stops the VT 

but can also damage the heart and reduce myocardial function. Heart failure 

patients who receive shocks from implantable cardiac defibrillators (ICDs) 

have a higher risk of death than those who do not receive shocks [12]. 

Several studies have investigated the ‘shock burden’ caused by ICD 

devices [11], [12], [96], [97], along with ways of reducing the number of 

unnecessary shocks when the VT is haemodynamically stable [98]. 

However, most efforts focused on improved signal quality assessment, while 

classification of VT based on haemodynamics has remained limited [99]. 

Automatic classification remains challenging, as no fixed relationship exists 

between heart rate during VT, VT duration, BP drop and clinical symptoms 

[100]. 
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The proposal of this chapter’s work is to use photoplethysmography 

(PPG), as a complementary signal to ECG, to predict hemodynamically 

unstable VTs and reduce the inappropriate shock rate by withholding 

defibrillation shock during stable VTs. It is envisioned that this methodology 

could be integrated into a wearable device to optimize ICD therapy. 

Furthermore, such a prediction could be used to prioritize VT alarms in the 

intensive care unit (ICU), as patient monitors already collect PPG and BP 

signals. Alarm fatigue [101] is a costly burden on healthcare providers and 

utilizing multiple bio signals has been proven to reduce false alarm rates 

[102], [103]. However, reducing false VT alarm rates without suppressing 

true alarms appears to be more challenging [103]–[106]. 

The BP waveform, much like the PPG one, consists of a peak (systolic) 

and a trough (diastolic), and is moderately correlated with the PPG 

waveform. It is no surprise that there is a considerable amount of research, 

both industrial and academic, evaluating cuffless blood pressure estimation 

from the PPG. However, these endeavours are faced with many challenges. 

As an estimator of blood pressure, PPG has been limited by calibration 

requirements, and has been shown to perform well only in some patients 

[107], [108]. Hypotensive events have been detected with limited accuracy 

[45], [109]. For the scope of this study, hypotensive events, or unstable VT 

episodes, will be defined as true positives. Thus, sensitivity will represent 

the proportion of unstable VTs that are correctly identified, specificity, the 

proportion of stable VTs that will be correctly identified, and accuracy will be 

the ratio between correctly identified VT events and all VT events. Since the 

envisioned application is withholding unnecessary treatment, i.e. electric 

shock, sensitivity must be maximised, to correctly deliver necessary 

treatment. 

PPG sensors are ubiquitous in clinics and they have been incorporated in 

wearable health tracking devices, i.e. smart watches, that can provide a 

platform for improved individualized treatment. It is hypothesized that the 

technology could be used to assess hemodynamic stability during VT 

episodes in implantable cardioversion devices, thus withholding unnecessary 

shock therapy and extending patient life expectancy. 
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In this chapter, I will evaluate the ability of the PPG to detect sudden 

drops in mean BP by examining episodes of BP variation from a set of 22 

patients undergoing ablation for VT. 

2. Methods 

PPG metrics were used for two types of predictions: 

• Identifying haemodynamic stability during VT: stable or unstable, as 

determined by expert assessment during the procedure; and 

• Identifying blood pressure drops during VT: over or under 30% 

mean BP drop. 

In order to achieve this, PPG metrics were compared to baseline values 

and the change was quantified as the ratio: 𝑉𝑇/𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 for each metric. ECG 

extracted heart rate and mean BP drop, in mmHg, were also assessed as 

predictors for comparison. 

Baseline signal metric values were extracted from a 10 second window: 

• Immediately preceding VT, regardless of the underling rhythm ( this 

can include pacing, ectopics and slow stable VT) 

• Sinus Rhythm, patient specific. 

2.1. Data Sets and Pre-processing  

14 patients presented at least one episode of VT, out of the 22 patients 

recruited for undergoing catheter ablation of ventricular tachycardia in the 

Catheterisation Lab. A summary of their characteristics are presented in 

Table 3.1.  ECG, invasive arterial blood pressure (BP) and PPG, from the 

finger, were simultaneously measured with a sampling frequency of 240 Hz, 

(Mac-Lab System, General Electric). All the signals were synchronized, as 

they were recorded from the same system, see Fig. 3.1.  
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The patient monitor auto-gain filters were bypassed to avoid unwanted 

modifications to the raw signal waveforms. The BP and PPG signals were 

filtered with a finite impulse response (FIR) low pass filter of 20 Hz cut-off 

frequency and order 120. A 100Hz low pass filter was applied to the ECG 

waveform. Data was collected as part of a UCLH ethically approved study of 

VT ablation and patients gave informed consent.  

 

In some patients, ventricular pacing (cycle length equal to 505 ± 59 ms, 

range 410:870 ms) was established to increase heart rate and induce VT as 

part of the electrophysiological study; four patients were studied while in 

incessant monomorphic stable ventricular tachycardia. The onset of VT 

 
Fig. 3.1. – Data collection schematic 

TABLE 3.1 
Patient Characteristics 

# Age Sex Aetiology Hypertension Previous MI Diabetes NYHA LVEF (%) 

1 73 M IHD 1 1 0 2 20 

2 78 M IHD 1 1 0 2 15 

3 76 F IHD 1 1 0 3 <35 

4 34 F ARVC - - - - - 

5 79 F IHD 1 1 0 2 18 

6 44 M ARVC 0 0 0 1 60 

7 58 M DCM 0 0 0 2 21 

8 68 M IHD - - - - - 

9 78 M IHD 1 1 0 3 14 

10 27 F ARVC 0 0 0 1 60 

11 80 M IHD 1 1 0 3 30 

12 55 M IHD - - - - - 

13 69 M IHD 1 1 0 1 <35 

14 84 M IHD 1 1 0 3 25 

MI – Myocardial Infarction, NYHA – New York Heart Association class, LVEF – Left Ventricular 

Ejection Fraction. IHD – ischemic heart disease, ARVC – arrhythmogenic right ventricular 

cardiomyopathy, DCM – dilated cardiomyopathy. 1=Yes. 0=No. 
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episodes was timestamped to evaluate the VT induced change. Sinus 

rhythm sections were also timestamped for each patient, to be used as 

baseline for comparison with VT. In three patients, steady state atrial 

pacing at 60 bpm was used as baseline, as no sinus rhythm recording was 

available. 

Typical VT changes include: sudden elevation of heart rate, hypotension 

and ECG morphological change. In conscious patients, unstable VT 

symptoms include: severe hypotension, acutely altered mental status, signs 

of shock, ischemic chest discomfort. In this group of sedated patients, 

unstable VT was determined by cardiologists as it led to syncope and/or VF, 

and then terminated through either cardioversion or anti-tachycardia pacing 

(ATP). An example of stable and unstable VT can be seen in Fig. 3.2. 

After exporting the signals, episodes exhibiting VT events were 

identified and timestamped. 19 episodes were excluded due to low PPG SNR 

in the ten seconds preceding VT, i.e. missing pulsatile component, and a 

further 8 episodes were discarded due to pacing interference or appearance 

of ventricular fibrillation (VF).  

2.2. Hemodynamically Stable and Unstable VT 

2.2.1. Classification based on Expert Consensus 

The remaining 75 episodes were analysed and reviewed by medical 

experts and classified into two classes based on BP and ECG recordings: 

hemodynamically stable VT (requiring monitoring) and unstable VT 

(requiring intervention with cardioversion or ATP). The mean decrease in BP 

and increase in heart rate, Baseline vs. VT, were the main features used for 

this classification. This prediction of VT type can be used to appropriately 

determine shock treatment in ICDs. 

Two types of baseline values were accounted for to calculate the change 

in BP in heart rate: Sinus Rhythm baseline and pre-VT baseline, each of 

them 10 seconds in duration.  

First, the sinus baseline period, 𝑇𝑠𝑖𝑛𝑢𝑠 , was patient specific, recorded at 

the beginning of the procedure and timestamped, see Fig. 3.2 (a). In three 

patients where no sinus rhythm recording was available, the steady state 
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atrial pacing at 60 bpm period was used as baseline, see Fig. 3.3 (a). This 

10 second period was also referred to as 𝑇𝑠𝑖𝑛𝑢𝑠 for consistency with the 

baseline reference. 

 

Second, the pre-VT baseline period, 𝑇𝑝𝑟𝑒𝑉𝑇 , was specific for each VT 

episode, and was defined as the 10 seconds preceding VT onset, i.e. dark-

shaded area in Fig. 3.2. (b) and Fig. 3.3. (b). This period could cover any 

rhythm of the heart, including sinus rhythm, pacing and ectopics, see Fig. 

3.3. (b). 

 

 
(a) (b) 

Fig. 3.2. – Biosignal morphology during (a) Sinus Rhythm and (b) Stable VT. The dark-

shaded areas are the baseline time windows ((a) 𝑇𝑠𝑖𝑛𝑢𝑠 and (b) 𝑇𝑝𝑟𝑒𝑉𝑇) and the light-

shaded area is the VT time window ( 𝑇𝑉𝑇). The dotted line represents the timestamp of 

the VT onset. The dots on the PPG waveform represent the pulse locations of the 
maximum pulse slope.  

 
(a) (b) 

Fig. 3.3. – This is an example where no sinus rhythm data was available. Biosignal 
morphology during (a) Pacing and (b) Unstable VT. The dark-shaded areas are the 

baseline time windows ((a) 𝑇𝑠𝑖𝑛𝑢𝑠 and (b) 𝑇𝑝𝑟𝑒𝑉𝑇) and the light-shaded area is the VT time 

window ( 𝑇𝑉𝑇). The dots on the PPG waveform represent the peak detection’s algorithm 

estimation of pulse slopes. 
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2.2.2. Classification based on Arterial Blood Pressure 

A second classification was made across the 75 episodes based on the 

magnitude of the drop in mean blood pressure; compared to baseline 

conditions. VTs were classified as severe if mean BP during the first 10 s of 

VT was lower than 70% of mean BP during the 10 s baseline.  

The drop in BP was also used as a predictor for VT type. It was defined 

in terms of mean BP, and calculated as the ratio of mean BP during VT and 

mean BP during baseline: 

𝑃↓
̅̅ ̅ =

𝑃𝑉𝑇
̅̅ ̅̅ ̅

𝑃𝑏𝑎𝑠𝑒
̅̅ ̅̅ ̅̅ ̅

 (3.1) 

where 𝑃𝑏𝑎𝑠𝑒 is either mean BP during sinus rhythm, 𝑃𝑠𝑖𝑛, or mean BP 

immediately preceding VT, 𝑃𝑝𝑟𝑒𝑉𝑇. Mean BP is calculated as: 

𝑃 ̅ =
1

𝑇 
∑ 𝐵𝑃(𝑡)𝑇 

; where 𝑇 is the time window 𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒 ( 𝑇𝑝𝑟𝑒𝑉𝑇 𝑜𝑟 𝑇𝑠𝑖𝑛𝑢𝑠). 

2.3. Biosignal Metrics Extraction  

A sinus rhythm section of the recording was timestamped (𝑡𝑠𝑖𝑛) and 

baseline values were recorded over a 10 second window ( 𝑇𝑠𝑖𝑛𝑢𝑠). The time 

of haemodynamic instability onset was also time-stamped (𝑡0), and the bio-

signals were evaluated within a set of two 10 second time window, 10 s 

before (𝑇𝑝𝑟𝑒𝑉𝑇) and 10 s after (𝑇𝑉𝑇).  

2.3.1. Heart Rate and Pulse Rate 

The smoothed pseudo-Wigner-Ville distribution [93], [110] was used to 

estimate the time-frequency (TF) spectra and calculate heart rate from the 

ECG. The advantage of this function is the auto-optimization of window 

lengths used for time and frequency smoothing from the input signal. The 

input signal, i.e. ECG, was downsampled to 20 Hz and segmented over a 30 

second period centred around the VT onset. Heart rate was calculated for 

each 10 second period of baseline and of VT ( 𝑇𝑠𝑖𝑛𝑢𝑠,  𝑇𝑝𝑟𝑒𝑉𝑇 and  𝑇𝑉𝑇). An 

illustration of the TF is presented in Fig. 3.4., with the heart rate (ECG) and 

pulse rate (PPG) estimation values marked in white for each period 

 𝑇𝑝𝑟𝑒𝑉𝑇 and  𝑇𝑉𝑇. 
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To calculate the heart rate before and during VT, the instantaneous 

frequencies of the highest spectral peak were estimated during  𝑇𝑝𝑟𝑒𝑉𝑇 and 

 𝑇𝑉𝑇, respectively. Only values above 40 bpm were considered as being valid 

heart rates. For the ECG, the signal power is stronger during VT, see the 

red area in Fig. 3.4. (a), due to the wave morphology being closer to a 

sinewave than it is pre-VT. The opposite happens for the PPG, Fig. 3.4 (b), 

which is more uniform and stronger before VT. 

For ECG, the VT heart rate was defined as the average of the 

instantaneous heart rate trace across  𝑇𝑉𝑇, i.e. white line between 0 and 10 

seconds in Fig. 3.4. . However, for the baseline, i.e. pre-VT or sinus period , 

the heart rate was defined as the lowest value of the instantaneous heart 

rate trace across  𝑇𝑝𝑟𝑒𝑉𝑇/ 𝑇𝑠𝑖𝑛𝑢𝑠, i.e. white line between -10 and 0 seconds in 

Fig. 3.4. This was done to avoid overestimation that may arise from the 

spectral harmonics, see Fig. 3.4 (a) at 160 bpm.  

For PPG, the pulse rate was taken as the mean of the white trace during 

baseline, and weighed mean of TF during VT. Often, the pulsatile 

component of PPG is lost during VT and the TF spectrum becomes irregular. 

Therefore, a weighed mean would provide a consistent method of 

estimating pulse rate for both stable and unstable VTs. 

 
(a) (b) 

Fig. 3.4. – ECG heart rate and PPG pulse rate estimation. The second row shows the 

signal power spectrogram. The white line is the maximum power trace in the 

spectrogram and indicates the heart rate for ECG, and pulse rate for PPG. The 

heart/pulse rate values are written in white for each period around the VT onset. 
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2.3.2. PPG Parameters 

 

TABLE 3.2 

# PPG Metrics Description Peak 

Detection 

 𝑿 =
𝑿𝑉𝑇

𝑿𝑏𝑎𝑠𝑒
         where 𝑿𝑉𝑇/𝑏𝑎𝑠𝑒 is: 

VT induced change measured as a ratio of the 

parameters listed below: 
 

1 [𝑷𝑻𝑭𝒇] = ∑
1

𝑇𝑏𝑎𝑠𝑒
∙ ∑ 𝑇𝐹(𝑡, 𝑓)

ℎ𝑖𝑔ℎ

low 
𝑇𝑏𝑎𝑠𝑒

 

Time Frequency Power (fixed window) – PPG signal 

power in the set heart rate band for 𝑇𝑉𝑇 and 𝑇𝑏𝑎𝑠𝑒. 

TF is the time frequency spectrum.  

PR is the pulse rate extracted from the PPG time 

frequency spectrum before VT. The high and low 

limits are: 

𝑃𝑅𝑏𝑎𝑠𝑒-10bpm to 𝑃𝑅𝑏𝑎𝑠𝑒+10bpm for baseline and  

𝑃𝑅𝑏𝑎𝑠𝑒+10bpm to 𝑃𝑅𝑏𝑎𝑠𝑒+70bpm for the VT. 

No 

2 [𝑷𝑻𝑭𝒂] = ∑
1

𝑇𝑏𝑎𝑠𝑒
∙ ∫ 𝑇𝐹(𝑡, 𝑓)

ℎ𝑖𝑔ℎ

low𝑇𝑏𝑎𝑠𝑒

 

Time Frequency Power (adaptive window) – PPG 

signal power in the set instantaneous heart rate 

for 𝑇𝑉𝑇 and 𝑇𝑏𝑎𝑠𝑒.  

The high and low limits are the same as above. 

No 

3 𝑷𝑹 = 𝑎𝑟𝑔 𝑚𝑎𝑥(𝐹𝐹𝑇(𝑽′))40𝑏𝑝𝑚
240𝑏𝑝𝑚

 

Pulse Rate – Time frequency estimation of the pulse 

rate based on the fast Fourier transform maxima 

between the frequencies of 40 and 240 bpm 

Sampling frequency: 20 Hz Time vector: 10 seconds 

No 

4 𝑹𝑷𝑹 =  |(𝐹𝐹𝑇(𝑽′))
40𝑏𝑝𝑚
240𝑏𝑝𝑚

|
 

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅
/ 𝑷𝑹 

Ratio Pulse Rate Power – PPG signal power, in fast 

Fourier transform, divided by pulse rate. There is a 

relationship of inverse proportionality with PR to 

compensate for the higher signal power that comes 

with increased heart rate. 

No 

5 

𝑹𝑷𝑹𝒘 = ∑ 𝑓𝑟𝑒𝑞 ∙ |𝐹𝐹𝑇(𝑽′)|
240𝑏𝑝𝑚

40 bpm

/ ∑ |𝐹𝐹𝑇(𝑽′)|
240

40 
 

Ratio Pulse Rate Power (weighted) – PPG signal 

power, in fast Fourier transform, weighted against 

the corresponding frequencies (𝑓𝑟𝑒𝑞) over the 

interval 40:240 bpm. 

No 

6 |𝑽′| 
̅̅ ̅̅ ̅ =  

1

𝑇 
∙ (∑|𝑽′|

𝑇 

) 
Mean Absolute Slope – The mean value of the PPG 

first derivative over the time window 

𝑇(𝑇𝑉𝑇  or 𝑇𝑏𝑎𝑠𝑒). 

No 

7 𝑽′𝑚𝑒𝑑 = 𝑚𝑒𝑑𝑖𝑎𝑛(𝑽′) 
Median Slope – The median value of the PPG first 

derivative over the time window 𝑇(𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒). 
No 

Definition of PPG metrics used as inputs for the VT classifier. The PPG time series 𝑃𝑃𝐺(𝑡) is 

noted as 𝑽 and its derivative, 
𝑑𝑃𝑃𝐺(𝑡)

𝑑𝑡
, as 𝑽′. 𝑇 is either  𝑇𝑏𝑎𝑠𝑒 or  𝑇𝑉𝑇.    Table continues next page 
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The PPG pulse amplitude was defined based on the maximum slope and 

the peak locations. For each pulse 𝑛, a time interval, 𝑇𝑛, was taken around 

the peak, defined as the period during which the first derivative is greater 

than zero. The pulse amplitude was calculated as the sum of the first 

derivative over 𝑇𝑛. 

𝑨𝑴
 (𝑛) = ∑ 𝑽′

𝑇𝑛

;         𝑤ℎ𝑒𝑟𝑒 𝑇𝑛 = 𝑡 {
𝑑𝑃𝑃𝐺(𝑡)

𝑑𝑡
> 0}

 

 (3.2) 

As represented in Table 3.2, twelve PPG metrics were defined and 

measured for each VT episode. The purpose of these metrics is to evaluate 

the drop in pulsatile strength and pulse rate power, characteristic of 

hemodynamically unstable VTs. Figure 3.3 (b) illustrates how the pulsatile 

component of the heart rate may become too weak to be distinguishable 

during VT. In this case, peak detection algorithms become unreliable. To 

overcome this limitation ten out of the twelve PPG metrics were defined 

such that they do not require peak detection. The remaining two PPG 

TABLE 3.2 – continued 

# PPG Metrics Description Peak 

Detection 

 𝑿 =
𝑿𝑉𝑇

𝑿𝑏𝑎𝑠𝑒
         where 𝑿𝑉𝑇/𝑏𝑎𝑠𝑒 is: 

VT induced change measured as a ratio of the 

parameters listed below: 
 

8 𝑽′𝑆𝐷 = √
1

𝑇 
∙ ∑(|𝑽′| 

̅̅ ̅̅ ̅ − 𝑽′)
2

𝑇

 
Slope Standard Deviation – The standard 

deviation value of the PPG first derivative over 

the time window 𝑇(𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒). 

No 

9 𝑳𝑑 = |∑ 𝑽′

𝑇

| ; where 𝑽′ < 0   
Downslope Sum– absolute sum of the PPG first 

derivative values lower than zero in the time 

window 𝑇(𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒). 

No 

10 𝑳𝑢 = ∑ 𝑽′

𝑇

 ;  where 𝑽′ > 0  
Upslope Sum – sum of the PPG first derivative 

values greater than zero in the time window 

𝑇(𝑇𝑉𝑇  or 𝑇𝑏𝑎𝑠𝑒). 

 

11 𝑽𝑴
′̅̅ ̅̅ =

1

𝑁
∙ ∑ 𝑽𝑴

′ (𝑛)

𝑇

 

Pulse Maximum Slope – the average of the first 

derivative peaks (𝑽𝑴
′ ) of all the pulses in the time 

window 𝑇(𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒), where (𝑛) is the peak 

number in the 𝑇. 

Yes 

12 �̅� =
1

𝑁
∙ ∑ (𝑨𝑴

 (𝑛) ∑ 𝑽′

𝑇𝑛

)

𝑇

 

Pulse Amplitude – Average of all the pulse 

amplitudes in the time window 𝑇(𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒), 

where (𝑛) is the peak number in the 𝑇. the 

difference between the pulse peak and the pulse 

upslope.  

Yes 

Definition of PPG metrics used as inputs for the VT classifier. The PPG time series 𝑃𝑃𝐺(𝑡) is 

noted as 𝑽 and its derivative, 
𝑑𝑃𝑃𝐺(𝑡)

𝑑𝑡
, as 𝑽′. 𝑇 is either  𝑇𝑏𝑎𝑠𝑒 or  𝑇𝑉𝑇.   

𝑁 is the number of detected peaks in the 𝑇 window. The pulse amplitude 𝑨𝑴
  is more explicitly 

defined in (3.2). 
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features, 11 and 12, used a pulse detection algorithm for each 𝑇𝑉𝑇 or 𝑇𝑏𝑎𝑠𝑒 

period independently, by selecting the peaks of the first derivatives of the 

signal respecting the conditions in Table 3.2. 

 

All the PPG metrics reported values are adimensional and represent the 

ratio between the metric value during the first 10 seconds of VT ( 𝑇𝑉𝑇) and 

during 10 seconds of baseline (𝑇𝑏𝑎𝑠𝑒( 𝑇𝑝𝑟𝑒𝑉𝑇/ 𝑇𝑠𝑖𝑛)). Their description and 

definitions are presented in Table 3.2. The first two metrics, 𝑷𝑻𝑭𝒇 and 𝑷𝑻𝑭𝒂, 

use the same TF spectrum to be calculated, the only difference being the 

spectral band change. 𝑷𝑻𝑭𝒇 has a fixed spectral band, over the entire period 

𝑇, based on the pulse rate estimation for that period, while 𝑷𝑻𝑭𝒂  has a 

spectral band that adapts to the instantaneous pulse rate estimation. The 

spectral bands are 20 bpm wide for 𝑇𝑏𝑎𝑠𝑒 and 60 bpm wide for 𝑇𝑉𝑇. This 

difference arose from the possible morphology variations the ECG waveform 

can have during pre-VT rhythm. The remaining PPG features definitions 

were consistent for both periods 𝑇𝑏𝑎𝑠𝑒 and  𝑇𝑉𝑇.  

2.4. VT type and BP drop Predictor  

The ability of each biosignal parameter to predict VT type or BP drop 

was evaluated utilizing a confusion matrix, see Table 3.4. ROC analysis was 

conducted on the training set to identify two sets of thresholds: 

(i) that would maximise accuracy  

(ii) that would minimise the type II error (β), i.e. false negative rates  

The results for (i) are important for assessing the general classification 

performance of each feature. The (ii) results are focused on the practical 

application of this technology. Since the prediction of unstable VT would be 

used to withhold treatment, i.e. avoid unnecessary shocks, minimal false 

negative rates are paramount in detecting all the VTs that require shock. 

TABLE 3.3 
Conditions for Pulse Selection from Signal Local Maxima 

Minimum Interval Between 
Peaks 

Minimum Peak 
Prominence 

baseline VT Mean Absolute Deviation: 

 
1

𝑇
∙ (∑

𝑑(𝑃𝑃𝐺(𝑡))

𝑑𝑡
− (

𝑑(𝑃𝑃𝐺(𝑡))

𝑑𝑡
)

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑇 

) 400 ms 250 ms 
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The best performing features would maximise specificity at 100% 

sensitivity. 

 

The twelve derived PPG metrics from Table 3.1 and ECG derived heart 

rate were used as inputs. For the stable/unstable VT classification mean BP 

drop was also used as an input. The train-test data sets were prepared 

using the leave one out (LOO) cross validation technique, as in [45]. LOO 

was applied on a patient by patient basis, resulting in 14 iterations, with the 

test sets varying between 1 and 15 VT episodes. The sensitivity and 

specificity are calculated by comparing the test values with the reference 

values for VT type or BP drop. The area under the curve (AUC) is used to 

further assess the classification performance. Because AUC and threshold 

vary for each training set, their values are presented as the mean of all the 

test sets. 

For each feature X, the thresholds were chosen to maximize accuracy or 

sensitivity in detecting hemodynamically unstable VT/BP drops. The 

difference between the minimum and maximum entries from the training 

set was segmented into 200 steps. ROC analysis was performed by 

iteratively increasing the threshold across the 200 steps. The thresholds for 

maximum specificity∙sensitivity, and maximum specificity at 100% 

sensitivity were registered. If 100% sensitivity was not achieved, the 

threshold was set to the highest entry value. 

  

TABLE 3.4 
Confusion Matrix 

Classification 
Truth 

Stable VT Unstable VT 

Stable VT True Negative  False Negative 

Unstable VT 
False Positive 

β - error 
True Positive 
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3. Results 

14 patients exhibited at least one VT episode, and a cumulative total of 

75 episodes. The four sets of results depending on type of baseline (10s 

sinus rhythm or 10s pre-VT) and on prediction type (VT stable/unstable or 

BP drop >/< 30%) are presented in Tables 3.5 to 3.9. The induced change 

in the bio signal features, by classification group, is represented in in 

columns two and three, along with the p-values in column four. The 

classification performance using individual features is described in Tables 

3.5 and 3.6 for VT type, and in Tables 3.6 and 3.7 for BP drop.  

Mean pressure drop was the best performing BP parameter in detecting 

hemodynamic instability (stable/unstable VT), and therefore, the only one 

for which results are reported. The other BP parameters investigated 

included: systolic, diastolic, pulsatile pressure and standard deviation; none 

of them provided 100% sensitivity and all achieved lower specificity values 

compared to the drop in mean BP. 

 

TABLE 3.5 

Stable/Unstable VT Prediction  ||  Baseline: Sinus Rhythm 

 Max Accuracy Max Sensitivity 

 

Stable 

(Mean ±SD) 

Unstable  

(Mean ±SD) 

p 

value 
AUC Sens Spec Th Sens Spec Th 

𝑳𝑢 
 1.07 ±0.22 0.70  ±0.25 <0.001 0.87 0.73 0.74 0.85 0.97 0.31 1.27 

𝑳𝑑  1.08 ±0.23 0.69  ±0.25 <0.001 0.87 0.67 0.71 0.82 0.97 0.24 1.27 

𝑷𝑻𝑭𝒂 0.40 ±0.20 0.16  ±0.15 <0.001 0.86 0.73 0.95 0.17 0.97 0.21 0.55 

𝑷𝑻𝑭𝒇  0.62 ±0.27 0.27  ±0.26 <0.001 0.85 0.70 0.81 0.30 0.97 0.10 1.12 

|𝑽′| 
̅̅ ̅̅ ̅ 1.18 ±0.36 0.70  ±0.37 <0.001 0.84 0.67 0.74 0.82 1 0.07 1.82 

𝑽𝑴
′̅̅ ̅̅  0.78 ±0.15 0.51  ±0.28 <0.001 0.83 0.67 0.88 0.60 0.97 0.02 1.47 

𝑹𝑷𝑹 0.65 ±0.39 0.33  ±0.41 <0.001 0.82 0.67 0.76 0.37 0.97 0.02 2.16 

�̅� 0.71 ±0.13 0.50  ±0.21 <0.001 0.82 0.61 0.74 0.61 0.97 0.02 1.04 

𝑹𝑷𝑹𝒘 0.97 ±0.44 0.48  ±0.43 <0.001 0.82 0.67 0.71 0.50 1 0.07 1.68 

𝑽′𝑆𝐷 1.17 ±0.28 0.81  ±0.39 <0.001 0.78 0.61 0.76 0.91 0.97 0 1.83 

𝑽′𝑚𝑒𝑑  3.77 ±2.88 2.29  ±2.22 <0.001 0.73 0.52 0.64 1.84 0.94 0.14 12.70 

𝑷𝑹 (bpm) -132 ±16.39 -132  ±22.63 0.962 0.50 0.48 0.60 -131 0.97 0 -90 

𝑃↓ (mmHg) -8.63 ±11.75 -34.95  ±13.45 <0.001 0.94 0.88 0.90 -22.92 0.97 0.45 -6.10 

ECG Heart 
Rate (bpm) 

-128 ±21.22 -159  ±23.07 <0.001 0.83 0.67 0.88 -150 0.97 0.31 -117 

Sensitivity and specificity of unstable VT detection using individual variables, the PPG variables 
are ranked with respect to the area under the curve (AUC). Apart from pulse rate (PR) which 
offers the VT pulse rate estimate, the values for the PPG variables represent the ratio between 
the VT value and baseline value. 

. 
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TABLE 3.6 

Stable/Unstable VT Prediction  ||  Baseline: pre-VT (any rhythm) 

 Max Accuracy Max Sensitivity 

 

Stable 

(Mean ±SD) 

Unstable  

(Mean ±SD) 

p 

value 
AUC Sens Spec Th Sens Spec Th 

|𝑽′| 
̅̅ ̅̅ ̅ 1.07 ±0.22 0.69 ±0.25 <0.001 0.87 0.76 0.74 0.89 0.97 0.24 1.24 

𝑳𝑢  1.07 ±0.22 0.70 ±0.25 <0.001 0.87 0.73 0.74 0.85 0.97 0.31 1.27 

𝑳𝑑   1.08 ±0.23 0.69 ±0.25 <0.001 0.87 0.67 0.71 0.82 0.97 0.24 1.27 

𝑽′𝑆𝐷  1.01 ±0.16 0.72 ±0.26 <0.001 0.84 0.67 0.81 0.87 0.97 0 1.42 

𝑽𝑴
′̅̅ ̅̅  0.76 ±0.13 0.53 ±0.25 <0.001 0.83 0.79 0.86 0.64 0.94 0 1.20 

𝑽′𝑚𝑒𝑑  1.97 ±1.10 1.02 ±0.52 <0.001 0.83 0.76 0.71 1.30 1 0.17 2.62 

𝑹𝑷𝑹𝒘 0.84 ±0.27 0.46 ±0.34 <0.001 0.82 0.73 0.86 0.52 0.97 0.02 1.44 

𝑷𝑻𝑭𝒂 0.47 ±0.21 0.24 ±0.22 <0.001 0.80 0.67 0.83 0.22 1 0.10 0.80 

𝑹𝑷𝑹 0.72 ±0.44 0.35 ±0.31 <0.001 0.79 0.67 0.83 0.37 0.97 0.12 1.27 

�̅� 0.71 ±0.13 0.54 ±0.26 <0.001 0.74 0.58 0.93 0.55 0.97 0 1.16 

𝑷𝑻𝑭𝒇 1.20 ±1.55 0.80 ±1.50 <0.001 0.74 0.58 0.74 0.47 0.97 0.02 9.32 

𝑷𝑹 (bpm) -129 ±32 -145 ±47.1 0.015 0.66 0.55 0.62 -149 1 0 -42 

𝑃↓ (mmHg) -7.21 ±7.6 -22.4 ±9 <0.001 0.91 0.79 0.86 -14.54 0.97 0.43 -3.79 

ECG Heart 
Rate (bpm) 

-128 ±21.2 -159 ±23.1 <0.001 0.83 0.67 0.88 -150 0.97 0.31 -117 

Sensitivity and specificity of unstable VT detection using individual variables, the PPG variables 
are ranked with respect to the area under the curve (AUC). Apart from pulse rate (PR) which 
offers the VT pulse rate estimate, the values for the PPG variables represent the ratio between 
the VT value and baseline value. 

. 

TABLE 3.7 

BP drop Prediction  || Baseline: Sinus rhythm 

 Max Accuracy Max Sensitivity 

 

< 30% drop 

(Mean ±SD) 

> 30% drop 

(Mean ±SD) 

p 

value 
AUC Sens Spec Th Sens Spec Th 

𝑳𝑢  1.11 ±0.21 0.72 ±0.24 <0.001 0.90 0.74 0.72 0.91 1 0.5 1.15 

𝑳𝑑  1.11 ±0.22 0.71 ±0.24 <0.001 0.88 0.82 0.72 0.97 0.97 0.28 1.27 

𝑷𝑻𝑭𝒂 0.43 ±0.19 0.17 ±0.16 <0.001 0.87 0.72 0.78 0.20 0.95 0.06 0.71 

𝑷𝑻𝑭𝒇  0.66 ±0.25 0.29 ±0.26 <0.001 0.87 0.82 0.75 0.38 1 0.03 1.13 

|𝑽′| 
̅̅ ̅̅ ̅ 1.24 ±0.35 0.72 ±0.36 <0.001 0.86 0.74 0.72 0.89 1 0.08 1.82 

𝑹𝑷𝑹𝒘 1.02 ±0.43 0.50 ±0.42 <0.001 0.83 0.64 0.75 0.52 1 0.08 1.68 

𝑹𝑷𝑹 0.66 ±0.35 0.37 ±0.45 <0.001 0.82 0.69 0.72 0.38 0.95 0 2.16 

𝑽𝑴
′̅̅ ̅̅  0.79 ±0.14 0.54 ±0.28 <0.001 0.82 0.59 0.86 0.64 0.95 0 1.47 

�̅� 0.72 ±0.12 0.52 ±0.21 <0.001 0.81 0.64 0.78 0.60 0.95 0 1.04 

𝑽′𝑆𝐷 1.20 ±0.28 0.83 ±0.38 <0.001 0.79 0.77 0.69 1.08 0.97 0 1.83 

𝑽′𝑚𝑒𝑑  4.06 ±2.97 2.26 ±2.11 <0.001 0.76 0.67 0.64 2.43 0.95 0.17 12.81 

𝑷𝑹 (bpm) -133 ±17 -131 ±21.3 0.844 0.49 0.54 0.42 -126.35 0.97 0 -90.16 

ECG Heart  
Rate(bpm) 

-129 ±21.7 -153 ±25.9 <0.001 0.75 0.56 0.61 -146 0.97 0.03 -82 

Sensitivity and specificity of BP drop detection using individual variables, the PPG variables are 
ranked with respect to the area under the curve (AUC). Apart from pulse rate (PR), the values for 
the PPG variables represent the ratio between the VT value and baseline value. 
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The maximising accuracy results (optimum sensitivity and specificity) 

show that, except for PPG pulse rate, most PPG features performed well in 

classifying both stable and unstable VTs and BP drop, with AUC values of 

0.77-0.9 and sensitivity and specificity values ranging around 0.75 ±0.15. 

The features offer slightly better classification performance when sinus 

rhythm is used as a baseline, rather than the pre-VT period. 

The maximum sensitivity results reveal that: (1) Only a few features 

can achieve 100% sensitivity; (2) At maximum sensitivity, specificity is low 

(ranging from 0 to 17%). Regarding BP drop detections, when sinus rhythm 

was used as baseline, 𝑳𝑢 
had the highest specificity (50%) at maximum 

sensitivity (100%). The first derivative mean and pulse rate weighted power 

ratio also achieved 100% sensitivity, but this was achieved at the expense 

of low specificity (8%). No feature achieved 100% sensitivity in detecting 

BP drops when the pre-VT period was used as baseline. The ROC curves for 

the entire dataset (n=75) is presented in Fig. 3.5.   

TABLE 3.8 

BP drop Prediction  || Baseline: pre-VT (any rhythm) 

 Max Accuracy Max Sensitivity 

 

< 30% drop 

(Mean ±SD) 

> 30% drop 

(Mean ±SD) 

p 

value 
AUC Sens Spec Th Sens Spec Th 

|𝑽′| 
̅̅ ̅̅ ̅ 1.05 ±0.23 0.66 ±0.23 <0.001 0.89 0.82 0.74 0.89 0.96 0.34 1.12 

𝑳𝑢  1.05 ±0.24 0.65 ±0.23 <0.001 0.89 0.82 0.70 0.87 0.96 0.26 1.19 

𝑳𝑑   1.05 ±0.23 0.66 ±0.24 <0.001 0.88 0.79 0.74 0.85 0.96 0.38 1.15 

𝑽′𝑚𝑒𝑑  1.92 ±1.09 0.94 ±0.39 <0.001 0.84 0.82 0.70 1.31 0.96 0.36 1.93 

𝑷𝑻𝑭𝒂 0.47 ±0.22 0.21 ±0.18 <0.001 0.84 0.64 0.81 0.22 0.96 0.17 0.68 

𝑽𝑴
′̅̅ ̅̅  0.75 ±0.15 0.50 ±0.24 <0.001 0.83 0.71 0.83 0.63 0.96 0.02 1.20 

𝑽′𝑆𝐷 0.99 ±0.18 0.72 ±0.27 <0.001 0.81 0.75 0.83 0.85 0.96 0 1.44 

𝑹𝑷𝑹𝒘 0.80 ±0.29 0.45 ±0.33 <0.001 0.80 0.75 0.81 0.53 0.96 0.02 1.44 

𝑹𝑷𝑹 0.69 ±0.44 0.33 ±0.29 <0.001 0.79 0.71 0.81 0.37 0.96 0.11 1.27 

𝑷𝑻𝑭𝒇 1.31 ±1.82 0.54 ±0.64 <0.001 0.78 0.61 0.68 0.47 0.96 0.06 3.57 

�̅� 0.71 ±0.15 0.52 ±0.25 <0.001 0.77 0.64 0.79 0.61 0.93 0 1.15 

𝑷𝑹 (bpm) -129 ±29.47 -147 ±51.68 0.012 0.67 0.61 0.81 -149.79 0.96 0 -42.36 

ECG Heart 
Rate (bpm) 

-131 ±21.16 -160 ±25.55 <0.001 0.81 0.71 0.77 -148.56 0.93 0.02 -82.97 

Sensitivity and specificity of BP drop detection using individual variables, the PPG variables are 
ranked with respect to the area under the curve (AUC).  
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Regarding the classification of stable and unstable VTs, when the 10 s 

window preceding VT (with any rhythm) was used as baseline, the best 

feature was the median of the first derivative of PPG, achieving 17% 

specificity at 100% sensitivity. On the other hand, when sinus rhythm 

windows were used as baseline, the beast features were the first derivative 

mean and pulse rate weighted power ratio with 100% sensitivity and 7% 

specificity.  

The heart rate of unstable VTs ranged from 90 bpm to 196 bpm. The BP 

drop during VT ranged from -68 mmHg (61%) to -6 mmHg (9%) compared 

to the sinus rhythm period, and from to -46 mmHg (46%) to -5 mmHg 

(8%) compared to the pre-VT period. The thresholds could have been set at 

the minimum heart rate (90 bpm), or maximum BP drop (-5/-6 mmHg) to 

achieve maximum sensitivity. However, the LOO cross-validation, accounts 

 Baseline: Sinus Rhythm Baseline: Any Rhythm (pre-Vt) 

  

(a) (b) 

  

(c) (d) 
Fig. 3.5. – ROC curves for each feature, for the entire data set (no cross validation). The top PPG 
feature for each classification type is represented in red. PPG features, can be seen outperforming 
ECG heart rate, providing higher Specificity at 1 Sensitivity. The legend ranks the features with 

respect to the AUC value.  
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for the distribution and outliers of the group: any feature with at least one 

outlier in the group distribution does not achieve 100% sensitivity. This was 

also the case for both ECG and BP features, which have outliers.  

4. Discussion 

This work investigates for the first time how the PPG is affected by 

distinct types of VT, i.e. hemodynamically stable and unstable, and if it can 

be used to algorithmically classify them using information from two 10 

seconds windows before and during the arrhythmia. It also describes PPG 

features that can predict BP drops within the first 10 seconds of VT, which 

are not always linked to unstable VT.  

Previous hemodynamic studies of VT have reported lower mean and 

pulsatile BP with increased tachycardia rate [100], [111], [112]. Although 

mean BP was a stronger indicator of hemodynamic instability in this cohort, 

mean BP is difficult to estimate using PPG [45], [109]. However, the 

pulsatile component of BP is better correlated with the pulsatile components 

of PPG [33], [40], [113]. Therefore, the selection of PPG features was done 

with a focus on quantifying the heart rate pulsatile strength. 

The best performing PPG feature is the upslope sum 𝑳𝑢 
, which provides 

73%/74% sensitivity/specificity in predicting unstable VTs, and 74%/72% 

in predicting BP drops when sinus rhythm was used as baseline. When 

preceding VT period, i.e. any rhythm, was used as baseline, absolute slope 

mean |𝑽′| 
̅̅ ̅̅ ̅offered the best classification performance, 76%/74% for VT type 

and 82%/74% for BP drop.   

All PPG variables performed well in classifying VTs. However, detection 

of all unstable VTs (maximum sensitivity) was only possible at the expense 

of a substantial reduction of specificity, meaning that in order to 

automatically identify and treat all unstable VTs the algorithm would 

wrongly classify some stable VT as unstable (false positive), which would 

result in the delivery of unnecessary therapy. The best performing feature 

was the slope median 𝑽′𝑚𝑒𝑑, which provided 19% specificity at 100% 

sensitivity. This is an improvement to current treatment, where stable VTs 

that generate a shock result in ‘unnecessary therapy’. With specificity 
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values in the range of 3-17% for 100% sensitivity, it means that using the 

current classification technique, 1 in 5 stable VTs could be withheld from 

unnecessary treatment.  

The BP predictor outperforms ECG and PPG predictors in classifying 

unstable VTs, regardless of the baseline type. However, PPG does 

outperform ECG in terms of accuracy. It can be seen in Fig. 3.5. that most 

PPG traces (red/grey) have generally higher sensitivity and specificity 

values than the ECG (black trace). ECG heart rate becomes a better 

predictor in this dataset when sensitivity values are close to 100%. 

However, when LOO cross validation is employed, both ECG and BP fail to 

achieve 100% sensitivity in VT prediction regardless of the baseline type. 

Only a few PPG features manage to achieve 100% sensitivity, but at low 

specificity values: 7% (|𝑽′| 
̅̅ ̅̅ ̅, 𝑹𝑷𝑹𝒘) for sinus rhythm baseline and 10-17% 

(𝑷𝑻𝑭𝒂 , 𝑽′𝑚𝑒𝑑) for any rhythm preceding VT baseline. 

Although unstable VTs are always accompanied by a drop in mean blood 

pressure, this is not enough to classify them. In fact, the range of BP drops 

(-68 to -6 mmHg) for unstable VTs even extend above the mean BP drop 

values of stable VT (-9 mmHg). As it can be seen in Fig. 3.5. (a) and (b), 

mean BP drop offered good, but imperfect results in classifying 

haemodynamic stability during VT. This agrees with previous findings [99].  

The treatment required for VTs depends on the degree of hemodynamic 

instability, which can vary across patients for the same rate of tachycardia. 

These range from syncope, in severe cases, to almost asymptomatic. The 

cut-point for classifying VT as hemodynamically unstable was defined as 

reduced level of consciousness with onset of VT indicating cerebral 

hypoperfusion. However, as the results indicate, this could happen for a 

wide range of BP values.  Algorithmic classification has only been reported 

using BP signals [99], and provided limited accuracy at less than 100% 

sensitivity. Given that the envisioned application of this research is 

withholding shock treatment in patients with stable VT, it becomes 

paramount that the algorithms employed achieve 100% sensitivity in 

detecting hemodynamically unstable VT. In this investigation the 

classification procedure has also been done with the aim of reaching 

maximum sensitivity, i.e. 0% true shock suppression.  
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The common PPG problem of movement induced noise was addressed 

by using PPG metrics that do not employ pulse detection algorithms, which 

generate errors in noisy waveforms. This has proven effective in identifying 

BP drops, but less so in detecting unstable VTs. This is likely due to the 

pulsatile signal component becoming too weak, or disappearing altogether 

in PPG, during unstable VT. This can be seen clearly in the poor prediction 

value of the PPG PR (pulse rate), which is the only feature that does not 

exhibit statistically significant differences between the stable and unstable 

VT groups, see p-values in Tables 3.5 and 3.6. This is also illustrated in Fig 

3.5. (a) and (c), where the PR trace can be seen around the dotted 

‘Random’ line for unstable VT detection. This poor performance is a 

consequence of the weak power of the pulsatile PPG during VT which results 

in erroneous pulse rate predictions, even when the time frequency method 

is used to estimate PR. 

4.1. Limitations and Future Studies 

The data used in this analysis was curated to ensure correct assessment 

of haemodynamic stability. The VT onset was manually set, the episodes 

were reviewed by medical experts present during the procedure and the 

episodes without pulsatile PPG, due to sensor movement and misplacement, 

were excluded. However, VT onset identification remains a primary 

automated function of ICDs, and some researchers have managed to 

predict VTs one hour before onset [114]. As previously mentioned, PPG 

noise rejection algorithms can be employed to replace manual curation. The 

principal limitation thus remains the absence of a gold standard for 

hemodynamic impact of VT. 

A larger number of subjects would be desirable. However, this remains 

a valuable dataset that contains both electro-physiologically induced and 

spontaneous VTs. 

Pulse transit time and pulse arrival time are two PPG features that were 

not investigated. Although these features have proved valuable in detecting 

BP related changes [43], [115], consistency in defining them remains 

challenging in this case due to the morphological change produced in the 

ECG  during the variety of heart rhythms preceding the VT onset. 
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4.1.1. Technological limitations in estimating BP 

First and foremost, PPG lacks a unit of measurement. Therefore, the 

conversion to mmHg requires a calibration, i.e. ‘ground’ value. This will be 

subject specific and subsequent measurement values will be dependent to 

the first measurement. Some Samsung phones are fitted with a ‘blood 

pressure sensor’, and the application can present values as a percentage 

increase or decrease to the initial calibration value. 

PPG probe repositioning and changes in skin tone, i.e. tanning, can 

induce errors in future measurements. Some researchers have tried to 

avoid recalibration by clever guesswork utilizing age and BMI, and 

presenting BP in categories i.e. hypotensive, normal, hypertensive. This 

may, however, cause some inaccuracies, since every patient is different. 

Secondly, PPG is very sensitive to environmental changes, independent 

from patient physiology. Optical probe location, as well as pressure between 

probe and skin, can significantly affect the PPG morphology and values. To 

achieve accurate BP estimation, these two variables must be kept constant 

after initial BP calibration. This may be problematic for long recording 

periods or during exercise/movement, i.e. while using wearable trackers. 

Alternatively, skin pressure and probe location may be measured and 

corrected for, but this further adds to the complexity of the measurement 

and the sensors employed. 

These technical limitations have hindered the ability of the PPG to 

reconstruct the BP waveform accurately, or even to estimate the individual 

beat systolic and diastolic. However, this hasn’t stopped researchers from 

investigating ways to estimate systolic, diastolic and mean BP over an 

average of 7 or more beats. In fact, outside operating theatres, the most 

common way of measuring arterial blood pressure is by reading the average 

systolic and diastolic values of 7 or more beats. 
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Throughout Chapters 4, 5 and 6, three studies are presented, each 

investigating Mechanical Alternans and its manifestations in the PPG. All 

these studies have distinct groups of patients which were recruited 

separately. The main differences are given by the method of inducing 

Mechanical Alternans, i.e. experimental protocol, as well as the apparatus 

used for data collection. Thus, the three studies investigate MA in patients 

during stationary conditions (Chapter 4), exercise (Chapter 5) and during 

ventricular pacing (Chapter 6). 

Despite these differences in protocol, apparatus and data collection, the 

data analysis shares the same methodology of defining, detecting and 

quantifying MA, as well as the same methodology of detecting and 

quantifying PPG-based MA surrogates. This is presented in the following 

section.  
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1. Common Methods 

A segment of a typical MA episode is illustrated in Figure MA.1, along 

with the calculated beat-to-beat variability of the pulse slopes.  

 

1.1. General Definition and Detection of Alternans 

Let us define a time series {𝑋𝑛}𝑛=1
𝑁  representing a sequence of values for 

a given pulse-specific feature extracted from either the BP or PPG signal; 𝑛 

is the beat number and 𝑁 is the total number of beats. An alternating 

sequence of 𝑄 beats was identified by an uninterrupted succession of beats, 

showing an alternating pattern (high-low-high-low), satisfying: 

{
𝑋𝑛|(𝑋𝑛 > 𝑋𝑛−1𝐴𝑁𝐷𝑋𝑛 > 𝑋𝑛+1) 
𝑂𝑅 (𝑋𝑛 < 𝑋𝑛−1𝐴𝑁𝐷𝑋𝑛 < 𝑋𝑛+1)

}
𝑛=𝑄𝑖

𝑄𝑓

 (MA.1) 

where 𝑄𝑖 and 𝑄𝑓 are the initial and final beat numbers of the alternating 

sequence. The total number of beats in the alternating sequence becomes 

𝑄 = 𝑄𝑓 − 𝑄𝑖 + 1. Beats that have a cycle length change of more than 200 ms, 

compared to the preceding beat, were excluded from alternans detection 

and analysed separately. This was done to discard unwanted oscillations, 

such as those induced by ectopic beats.  

Based on the value of 𝑄 = 𝑄𝑓 − 𝑄𝑖 + 1, i.e. number of beats in an 

alternating sequence, I categorized alternans episodes in two groups:  

 
Fig. MA.1. – Blood pressure (BP, first row), and PPG (second row) during a mechanical alternans 
(MA) episode.  The original signals are represented with markers indicating the maximum slope. 
ΔP’M /ΔV’M represent the beat-to-beat difference of first derivative maximums. ΔrP’M /ΔrV’M 
represent the beat-to-beat relative difference between the first derivative maximums, see 
equation (MA.2). The PPG signals were recorded in arbitrary units (Volts).  
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• Sustained alternans, if the alternating pattern was uninterrupted 

for at least 20 consecutive beats (𝑄 ≥ 20); 

• Intermittent alternans if the alternating pattern was uninterrupted 

for at least 12, but no more than 19, consecutive beats (12 ≤ 𝑄 <

20). 

Furthermore, the magnitude of each alternans sequence was measured 

as the average of beat-to-beat changes with respect to the higher value of 

the two beats: 

∆𝑟𝑋̅̅ ̅̅ ̅ =
1

𝑄
∑

|Δ𝑋𝑛|

𝑚𝑎𝑥(𝑋𝑛, 𝑋𝑛−1)

𝑄𝑓

𝑛=𝑄𝑖

 (MA.2) 

where Δ𝑋𝑛 = 𝑋𝑛 − 𝑋𝑛−1 , and 𝑄𝑖 and 𝑄𝑓 are the initial and final beat numbers 

of the alternans episode. The relative change calculation was necessary to 

evaluate dimensionless features where the absolute difference (|Δ𝑋𝑛|) 

cannot be compared between patients.  

The beat-to-beat relative differences, which are averaged in ∆𝑟𝑋̅̅ ̅̅ ̅, are 

illustrated in the 3rd column of the Fig. MA.1. In this case, the pulse specific 

features in both PPG and BP are the maximum slope. Fig. MA.1 shows an 

episode of MA simultaneously recorded using invasive BP and PPG in a 

patient undergoing catheter ablation of ventricular tachycardia. In this 

sequence of beats, BP is clearly following an alternating pattern where a 

strong pulse is followed by a weak one, which is then followed by a strong 

one and so on. The third column shows in relative terms (%) how the 

magnitude of these beat-to-beat alternations changes over the course of an 

alternating episode. A similar pattern is observed in the PPG. 
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1.2. Definition of Mechanical Alternans  

Mechanical alternans was detected based on the dynamics of the 

maximum of the first derivative of the BP signal, see equation (MA.3). 

Figure MA.2. illustrates how the beat-to-beat differences were calculated. 

𝑋𝑛 =  𝑃𝑀
′ (𝑛) = 𝑚𝑎𝑥𝑡∈𝐼𝑃𝐼

(
𝑑𝑃(𝑡)

𝑑𝑡
)  (MA.3) 

where 𝐼𝑃𝐼 is the time interval within the 𝑛𝑡ℎ heartbeat, and 𝑡 is time. 

 

dP/dt max, or the maximum slope of the BP pulse, was chosen to define 

mechanical alternans because it is a strong indicator of heart contractility 

[116]. Furthermore, the pulse slope is also less susceptible to noise than 

the systolic. Although older studies have looked for alternations in the 

systolic for signs of MA, more recent publications [5], [117] have showed 

that MA in systolic BP is always accompanied by altermatic changes in 

positive dP/dt.  

The magnitude of MA was incorporated into the definition of a MA 

episode as follows: 

• Sustained MA (Fig. MA.3 (a)) if the magnitude of the alternans 

episode was higher than 4% and the alternating pattern was 

uninterrupted for at least 20 consecutive beats (∆𝑟𝑃𝑀
′̅̅ ̅̅ ̅̅ ̅ > 4% and 𝑄 ≥

20); 

• Intermittent MA (Fig. MA.3 (b)) if the magnitude of the alternans 

episode was higher than 4% and the alternating pattern was 

uninterrupted for at least 12, but no more than 19, consecutive beats 

(∆𝑟𝑃𝑀
′̅̅ ̅̅ ̅̅ ̅ > 4% and 12 ≤ 𝑄 < 20).  

 

 
Fig. MA.2. – Method of calculating alternans magnitude. Recording showcasing sustained 
alternans present in systolic BP, in the first derivative of BP, P’, and the absolute magnitude 
calculated as the difference between two consecutive strong and weak peaks of P’.  
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Patients that exhibited at least one episode of alternans were classified 

as sustained MA positive (𝑀𝐴𝑆
+) or intermittent MA positive (𝑀𝐴𝐼

+), 

depending on the MA duration. Patients not showing MA were classified as 

MA negative (𝑀𝐴−). 

 

1.3. PPG Feature Extraction 

Eight pulse-specific indices were defined and measured for each PPG 

pulse. Seven of these features are illustrated in Fig. MA.4, for a single PPG 

pulse, the 8th being the pulse mean over the pulse interval. The first five 

features were chosen and defined in order to examine the pulsatile power of 

each beat; the absolute values of these features are in arbitrary units. The 

last three indices are time interval measurements. The pulse interval is a 

surrogate to the RR interval in ECG, or cycle length. The pulse width has 

been defined to increase with stronger pulses, and the crest time is known 

to be a good indicator of blood pressure changes. 

 
Fig. MA.3. – Recordings showing sustained (a) and intermittent (b) alternans in both blood 

pressure (BP) and PPG. Columns from left to right show the signal (BP in mmHg), its derivative 
(P’ in mmHg/s) and the beat to beat changes in the first derivative peaks (ΔP’M in mmHg/s). 
PPG, V’ and ΔV’M are shown in arbitrary units (volts). In the third column, black circles indicate 
the duration of mechanical alternans.  
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Beat-to-beat oscillations in these eight indices were analysed as 

previously described in section: General Definition and Detection of 

Alternans. Sustained and intermittent MA was detected based on the 

number of consecutive beats showing an uninterrupted alternating 

sequence and the alternans magnitude ∆𝑟𝑋̅̅ ̅̅ ̅ > ∆𝑋0, where ∆𝑋0 is an optimal 

threshold maximizing accuracy detection, estimated by receiver operating 

characteristic (ROC) analysis, which was performed by incrementally 

varying the threshold value from 0% to 60%.  

For each PPG index, the magnitude of MA-surrogates is calculated using 

equations (MA.2) and (MA.3), where 𝑋𝑛 represents the values of a pulse 

specific PPG index.  

Patients exhibiting at least one MA episode in the PPG were classified as 

true or false positive, based on the presence of MA in the BP. Similarly, 

patients that did not exhibit MA in PPG features were classified as true or 

false negative based on the absence of MA in the BP. Sensitivity and 

specificity were calculated as the true positive rate and true negative rate, 

respectively.  

 
Fig. MA.4. – Definition of PPG indices used in the study. Left: A single PPG pulse. The y-axis 

represents the magnitude of the signals in arbitrary units. Eight pulse specific features are 
defined and calculated according to the right-hand side equations. 
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1. Introduction 

The following study recruited patients with various medical conditions, 

in order to investigate MA in the general population, under motion free 

conditions. Given the small variations exhibited during MA, along with the 

sensitivity to movement of the PPG technology, stationary conditions were 

considered optimal for evaluating MA presence in both BP and PPG signals. 

A heart rate step increase is induced in the patients through a change in 

body posture, by switching from supine to Fowler’s position (sitting with a 

backrest and legs stretched). Both BP and PPG are measured non-invasively 

from the finger, with surface ECG being collected in some patients from a 

Holter device.  

2. Methods 

2.1. Data collection 

A total of 22 patients were recruited for this study at UCLH. They were 

monitored at the outpatient surgery, pre-operation. Eight patients were 

excluded from the study due to data losses/artefacts during acquisition. A 

summary of characteristics for the analysed 14 patients is presented in 

Table 4.1. The study was approved by the local research ethics committee 

and all patients gave informed consent for data collection.  

 
Figure 4.1. illustrates the data collection schematic for a resting patient. 

The patient would start the recording lying down in supine position for 10 

minutes, after which he would sit up, with his back rested to Fawlers’ 

position, illustrated in the right side of the figure. The pulsatile signals 

TABLE 4.1 
Patient Characteristics – Stationary/Resting Group 

# Age Sex 
Weight 

(kg) 
Height 
(cm) 

Hypertensive 
(Yes/No) 

# Age Sex 
Weight 

(kg) 
Height 
(cm) 

Hypertensive 
(Yes/No) 

1 61 F 127 159 Y 8 88 F 57 165 N 

2 50 F 53 166 N 9 61 F 127 159 Y 

3 73 F 77 165 Y 10 50 F 53 166 N 

4 66 M 90 167 Y 11 73 F 77 165 N 

5 64 M 192 132 Y 12 - M - - - 

6 52 F 103 172 N 13 78 F 56 156 Y 

7 72 F 69 166 N 14 - M - - - 
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where recorded from the index and middle fingers of the right hand, and 

ECG was recorded over the standard 3 limb leads using a Holter monitor.  

 

The analysed dataset amounted to 14 patients, which will be referred to 

as the Resting Group. Non-invasive continuous peripheral blood pressure 

was recorded via a finger cuff with a FinometerPRO, Finapres Medical 

Systems. The raw finger pressure signal was exported via the device analog 

output and recorded via MATLAB v2016a through a National Instruments 

USB-6002 at a sampling rate of 200 Hz. The PPG was recorded from the 

finger with a PO2-100U sensor, iWorx, using an LabScribe v2.0 software; 

the sampling rate was 200 Hz. Surface ECG was recorded in 8, out of the 14 

patients, from three leads using an ISHNE Holter monitor at a sampling rate 

of 128 Hz. The recording was exported and analysed offline. The protocol 

and data collection are illustrated in Fig. 4.1.; it involved resting in supine 

position for 10 minutes and in Fowler’s position for another 10 minutes.  

A typical patient recording can be seen in Figure 4.2. All signals (PPG, 

BP and ECG, where applicable) were aligned for simultaneous analysis. The 

BP and PPG signals were filtered with a finite impulse response (FIR) low 

pass filter of 30 Hz cut-off frequency. The filter order was adjusted to the 

signal sampling frequency. Lead I (one) was extracted from the Holter, and 

no filter was applied for the ECG signal. Following a peak detector 

algorithm, each peak selection was manually verified for consistency and 

corrected when needed. 

 
Fig. 4.1.  Illustration of the data collection process during stationary conditions 
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Two minutes after initiating the recording, a Finometer calibration was 

performed with respect to the brachial blood pressure. This ensured the 

highest accuracy for the machine and minimized the subsequent automatic 

recalibrations of the FinometerPRO.  

 

In Fig. 4.2. the BP recalibration cannot be easily observed due to the 

density of the plotted signal, as well as the short recalibration periods. For 

this patient the recalibrations were limited to 2 seconds every 60 seconds. 

The change of position induced a rise in blood pressure and a rise in heart 

rate in most patients. Where ECG was not available, beat-to-beat BP 

intervals where used to estimate heart rate. 

2.2. Alternating Beats in BP and PPG 

The alternans analysis was performed as described in the Methods 

section, at the beginning of the Mechanical Alternans chapter and alternans 

over 12 consecutive beats were only found in the PPG signals. No alternans 

over 12 consecutive beats were found in the BP signal.  

As this cohort of patients did not exhibit sustained, nor intermittent 

alternans, alternating beats were analysed between BP and PPG even when 

they appeared individually or in episodes shorter than 12 beats. This was 

done for the maximum slope of the BP and for each of the 8 features 

characterizing the PPG pulse, as presented in Figure MA.4.  

 
Fig. 4.2.  Typical recording of a 72-year-old woman during stationary conditions. The arrow on 
the first row, at 400 seconds, indicates the moment when the patient switches from supine to 
Fowler’s position. 
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A snippet of a recording showcasing alternating beats in BP and the 

maximum slope (V’M) of PPG pulses can be seen in Fig 4.3. The correlation 

between the PPG indices and the values of dP/dt max was evaluated across 

the entire cohort. Following that, the ability of PPG pulse specific features to 

identify alternating beats in BP was evaluated by analysing the accuracy, 

sensitivity and specificity for each patient. Each alternating PPG beat which 

coincided with an alternating BP beat was considered a true positive, or a 

false positive if it didn’t coincide. Non-alternating PPG beats which coincided 

with non-alternating BP beats were considered true negative, or false 

negative if they did coincide with a BP alternating beat. The results were 

then evaluated for the entire patient cohort, see Fig 4.5. 

To investigate how prevalent alternans were in patients, with respect to 

the length of consecutive alternating beats, equation (MA.1) was used to 

identify episodes of alternans of different length, by changing the value of Q 

between 1 and 20. Equation (MA.2) was used to calculate the alternating 

magnitude of these episodes. 

 

 
Fig. 4.3. The second row illustrates, via coloured squares, each alternating beat in BP, individual 
& short episodes of 4,10,3,3 beats. The 4th row illustrates alternating beats in the PPG pulse 
maximum slope, individual and in episodes of 2,6,10,4,3. Alternating pulses preceded by cycle 
length changes greater than 200ms, such as those around second 125, are excluded from the 
analysis; i.e. region around 125 seconds, where the ECG R waves indicate large changes in cycle 
length. See section Oscillations Unrelated to Mechanical Alternans 
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3. Results 

No episodes of sustained alternans were identified within the 14 

patients. Intermittent alternans were also absent in BP. This was true even 

when the MA magnitude threshold was lowered from 4% to 0%. However, 

four patients exhibited a total of 5 episodes of intermittent alternans (≥12 

beats) in PPG, leading to 5 false positive detections. These were of very 

small magnitude (<5%).  

The PPG features did differentiate between the normotensive and 

hypertensive patients, even when averaged across both supine and sitting 

position, see Table 4.2.. Although the p-value indicates significance for 

some features, the groups (5 normotensive, 5 hypertensive) are too small 

to adequately compare. 

 

Firstly, the correlation between the values of dP/dt max and the values 

of PPG indices was calculated for all the patients. The results are presented 

in Figure 4.4; no significant correlation was found for any of the PPG pulse 

indices. 

 

TABLE 4.2  
PPG Features Normotensive vs Hypertensive CPET 

PPG 
Pulse 

Indices  

Normotensive 

(Mean ±SD) 

Hypertensive 

(Mean ±SD) 

p  
value 

V’M (a.u.) 59.3 ±25.1 37.1 ±21.4 .048 

IPW (ms) 273 ±71 220 ±25 .107 

A (a.u) 5.6 ±2.5 2.9 ±1.8 .019 

VM (a.u.) 2 ±2.2 -0.2 ±1.2 .016 

IPI (ms) 896 ±204 737 ±105 .181 

ICT (ms) 160 ±43 115 ±13 .042 

A (a.u.) 605 ±392 231 ±175 .037 

�̅� (a.u.) -2.22 ±0.02 -2.22 ±0.00 .614 

 

 
Fig. 4.4. Pearson’s Correlation between dP/dt max and PPG pulse indices. The red horizontal 
line represents the median across all patients, the blue box outlines the 25th and 75th percentile, 
and the red crosses are outliers. 
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Secondly, the alternating beats in BP were identified. Out of the total 

number of beats within each recording, the 14 patients had an average of 

44.8% (± 8.1%) alternating beats, ranging between 22.4% and 55.5%. 

The duration of these episodes was of 11 beats or less and included single 

alternating beats. The percentage of alternating beats decreased rapidly 

when episodes of 2 or more consecutive beats were considered, see Fig 

4.6.B Alternans Occurrence. The ability of PPG features to detect single 

alternating BP beats was investigated in terms of accuracy, sensitivity and 

specificity, see Fig. 4.5. Most of the PPG features showed only moderate 

accuracy, with sensitivity and specificity values ranging between 0.4 and 

0.6. The PPG pulse amplitude (A) and maximum slope (V’M) had the highest 

average accuracy. 

 

  

 
Fig. 4.5. Individual BP alternating beat detection by PPG pulse indices. The red horizontal line 
represents the median across all patients, the blue box outlines the 25th and 75th percentile, and 
the red crosses are outliers. 
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The prevalence of alternans in BP and PPG pulse amplitude (A) / 

maximum slope (V’M) was investigated with respect to the window of 

consecutive alternating beats, as illustrated below. 

 

  

 
Fig. 4.6.  Analysis of alternating beats in PPG V’M (MaxSlope) vs dP/dt max. Graphs A, B and C 
illustrate the prevalence of alternans in patients, the percentage of alternating beats within the 
recording and the magnitude of these alternating beats episodes respectively; all with respect to 
the window of consecutive alternating beats. In graphs B and C, the markers represent the 
average, while the shaded section represents the error (standard deviation). Green is for BP and 
red for PPG. 

                 

                               

 

 

 

 

 

  

  

  
 
  
 
  
 
 
  

 
  
 
  
  
 
  
 
 
 

 

  

       
 

                 

                               

 

 

  

  

  

 
  
 
  
 
 
 
  
 
 
 
  
 
 
 

  
  
  
  
 
 
  
  
 
 

 

                 

                               

 

 

  

  

  

 
  
 
  
 
 
 
  
 
 
 
  
 
 
 
  
 
 

 

 
Fig. 4.7.  Analysis of alternating beats in PPG Pulse Amplitude vs dP/dt max.  
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4. Discussion and Conclusion 

Neither sustained (20 or more consecutive alternating beats) nor 

intermittent (12 or more consecutive alternating beats) Mechanical 

Alternans were detected in this patient cohort. Compared to previous 

publications [1], which have also investigated MA during stationary 

conditions and sinus rhythm, this patient cohort appears to be relatively 

healthy in terms of heart function. 

Despite the absence of the MA condition, my hypothesis assumes that 

high frequency oscillations in BP can be reflected in the PPG pulses despite 

the underlying mechanism. Therefore, these results examine, via a beat-to-

beat analysis, the relation between BP and PPG pulses. As shown in Fig. 

4.5, alternating beats in BP are identifiable in the PPG, where pulses exhibit 

a similar alternation. The top PPG indices detected alternating beats in BP 

with over 0.6 sensitivity and over 0.5 specificity. The limitation of this 

analysis is that it does not consider the episode length of alternating 

consecutive beats. It was initially hypothesized that longer patterns of 

alternating beats are more likely to manifest in both PPG and BP signals 

than short patterns or individual alternating beats. Therefore, considering 

this analysis evaluates each individual beat, as opposed to episodes of 

alternating beats, the results are promising. This association is present , 

Fig. 4.5, even though no direct correlation exists, Fig. 4.4, between the beat 

values of PPG pulse indices and dP/dt max values. 

When accounting for the number of consecutive alternating beats, see 

Figs 4.6 and 4.7, the link between BP and PPG alternans becomes more 

apparent. The occurrence of alternans decreases with increasing episode 

length for both signals, as does the magnitude of these alternans for PPG 

V’M. PPG V’M appears to overestimate the magnitude of short alternans, 

under 7 beats, but is very similar to BP in terms of the magnitude of 

alternans of episodes greater than 7 consecutive beats. In the case of PPG 

Amplitude, there is a spike in alternans magnitude at episode windows 

between 11 and 13. However, this may be attributed the small number of 

episodes that are larger than 11 beats. More data would be needed to 

establish if there is a trend. Nevertheless, the magnitude of these alternans 

episodes is small in both PPG and BP, averaging mostly under 10%. 
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By examining Graphs B in Figures 4.6 and 4.7, it can be seen that 

episodes of alternans are more likely to occur in the PPG than in BP. 

Consequently, the prevalence of alternans in patients is overestimated in 

PPG, see Graphs A, Figs 4.6 and 4.7. This was the case for both top 

performing indices PPG V’M and PPG Amplitude. This may be attributable to 

two reasons: higher sensitivity of the PPG to true alternans and higher 

susceptibility to motion induced artefacts in the PPG. It is possible that 

‘true’ alternans could have been lost in the BP measurements at the finger 

due to the apparatus limitations. In PPG, the continuity is not affected and 

therefore is more sensitive. The former reasoning is that small motions 

affect the PPG signals and induce more artefacts than they would in the BP 

signal. As presented in Chapter 2, the PPG signal is composed of and AC 

component, used for the above analysis, which is over imposed on a DC 

component with a stronger signal strength and susceptibility to motion 

induced artefacts, i.e. noise. Although this noise cannot be independently 

measured, it can induce a degree of chance for alternating pulse patterns to 

appear sporadically. However, this likelihood decreases exponentially for 

longer episodes of consecutive alternating beats. 

Within this chapter, alternating pulses have been investigated in both 

BP and PPG, in a group of patients with relatively healthy heart function. 

Alternans have been quantified utilizing three variables: number of 

consecutive alternating beats in episodes, the alternating magnitude of 

these episodes and the occurrence of these episodes. Alternating beats in 

the PPG are linked to alternating beats in BP. Compared to BP, PPG pulses 

appear to slightly overestimate alternans both in terms of episode length 

and occurrence. The magnitude of alternans in PPG appears to be 

overestimated for short episodes of under 7 consecutive beats. 

These results indicate that a magnitude threshold may be required for 

PPG alternans to increase specificity of MA detection. Chapters 5 and 6 will 

examine alternans of greater episode length. 
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1. Introduction 

This study was designed to investigate MA during sinus rhythm by 

elevating the heart rate through exercise.  The study only recruited patients 

with known or suspected cardiac conditions, i.e. aortic stenosis, mitral 

regurgitation etc. Although MA has previously been detected during 

stationary conditions, i.e. in intensive care unit, the investigations in 

Chapter 4 revealed no alternans during resting in patients. This may be due 

to the study populations having non-severe heart failure, but it also may be 

due to the low heart rate values that occur during rest. It is more common 

for MA to occur when the heart rate is elevated. Therefore, this study was 

designed to induce a heart rate ramp increase by exercising the patients 

close to exhaustion. Both BP and PPG were measured non-invasively from 

the finger. 

2. Method 

2.1. Data collection 

A total of 37 patients were recruited for undergoing Cardiopulmonary 

Exercise Testing (CPET) during echocardiography in the Barts 

Echocardiography Clinic. Ten patients were excluded for being unable to 

complete the exercise protocol, 7 patients were excluded due to failure of 

recording the reference signal, i.e. blood pressure, and 4 were excluded due 

to PPG signal corruption by either nail polish wear or obstruction of the 

brachial artery during exercise.  The study was approved by the local 

research ethics committee and all patients gave informed consent for data 

collection.  

The analyzed patients amounted to 16 and will be referred to as the 

Exercise Group. Their characteristics are summarized in Table 5.1 During 

the test, patients were positioned on a reclining cycle ergometer and 

exercised from mild to maximum effort, see Fig. 5.1. The test followed a 

ramp protocol in which the pedaling workload was set to 0 Watts (W) for 

the first minute and increased by 10 to 20 W/minute, depending on patient 

fitness. Patients were instructed and supervised to cycle at 60 (± 5) 

rotations per minute. Exercise continued until exhaustion or reaching a 

target heart rate equal to 85% of the maximum predicted heart rate 
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(calculated as 220-patient age), as per standard protocol. Non-invasive 

continuous peripheral blood pressure was recorded via a finger cuff with a 

FinometerPRO, Finapres Medical Systems. The raw finger pressure signal 

was exported via the device analog output and recorded via MATLAB 

v2017a, through a National Instruments USB-6002 at a sampling rate of 

200Hz. The PPG was recorded from the finger with a PO2-100U sensor, 

iWorx, using LabScribe v2.0; the sampling rate was 200Hz. For 12 out of 14 

patients, 12 lead ECG was also available. 

 

 

 
Fig. 5.1.  A patient on a reclining cycle ergometer (left) and the data collection schematic (right). 

TABLE 5.1 
Patient Characteristics – Exercise Group 

# Age Sex 
Weight 

(kg) 
Height 
(cm) 

Condition/History 

1 44 M 70 175 - 

2 69 M - - Diabetes, 1 Myocardial Infarction, ICD 

3 25 F 51 151 Mitral & Aortic Stenosis, Aortic Regurgitation 

4 52 M 51 161 Kidney Transplant 

5 42 M 89 181 Mitral Stenosis, Atrial Fibrillation 

6 72 M 96 178 Ischemic Heart Disease, 2 previous PCI 

7 30 M 104 187 Aortic Valve Replacement 

8 50 M - - Aortic Valve Replacement, Mitral Stenosis 

9 62 F 68 171 Aortic Valve Replacement, Atrial Fibrillation 

10 70 F 70 170 Hypertensive 

11 31 F 63 163 Hepatitis B 

12 72 M 71 161 Aortic Stenosis, Bigeminy 

13 84 F 88 160 Atrial Fibrillation 

14 26 M 75 176 Hypertrophic Cardiomyopathy 

15 62 M 94 175 - 

16 60 M 105 173 - 

ICD – Implantable Cardiac Defibrillator, PCI – Percutaneous coronary intervention. 
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The PPG signals was filtered with a finite impulse response (FIR) low 

pass filter of 30 Hz cut-off frequency. To reduce noise in the BP recordings 

provided by the non-invasive finger probe a lower cut-off frequency of 10 

Hz was required. The filter order was adjusted to the signal sampling 

frequency. Following a peak detector algorithm, each peak selection was 

manually verified for consistency and corrected when needed. 

A typical recording of a patient can be seen in Figure 5.2. There is a 

visible increase of heart rate with workload. BP also increases with exercise, 

however there is no visible change in the PPG during exercise. During 

recovery, PPG pulses do increase in amplitude. BP recalibrations are not 

visible in Fig. 5.2. due to the density of the plotted signal, but they can be 

seen in Fig 5.3 occurring every 50-60 seconds. The beginning of the 

analysed recording starts 2 minutes after the beginning of the test. This 

allows for a series of frequent automatic recalibrations of the Finometer Pro. 

Following that, recalibrations occurred every 70 seconds, except if the 

signal quality dropped according to the apparatus automatic self-

assessment, in which case more frequent recalibrations were required. 

 

 
Fig. 5.2.  Recording of a 30-year-old male during CPET. The cycle workload, in this case, was 
ramped at 20 W/minute. The blue line in the 3rd graph indicates the period during which the 
patient was cycling. 
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3. Results 

Out of 16 patients, 10 exhibited intermittent MA. Only intermittent MA 

episodes were present in this patient cohort. In total, there were 25 

detected episodes of MA in BP, absolute magnitude 243 mmHg/s (± 152 

mmHg/s), and 26 episodes of alternans in V’M PPG. The relative magnitude 

of BP alternans was 11% (± 6.5%). 

An episode of intermittent MA, with a synchronous PPG MA episode, can 

be seen in Figure 5.3 and zoomed in, in Figure 5.4, along with the original 

signals, the derived signals from which the alternating features were 

extracted and the beat-to-beat differences of these features. 

 

 
Fig. 5.3.  Intermittent MA with synchronous V’M PPG MA episode. 
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Some PPG MA episodes were asynchronous, as illustrated in Figure 5.5. 

Some patients exhibited similar number of alternans episodes with similar 

magnitude between BP and PPG, but these were recorded at several 

seconds or minutes apart. In the inter-patient analysis, these were 

considered true positive.  

The maximum pulse slope (V’M) detected MA with the highest accuracy; 

100% sensitivity and 83% specificity. Throughout this section, alternans in 

the best performing PPG feature, V’M, will be illustrated in figures along with 

BP MA. 

 

 
Fig. 5.4.  Intermittent MA episode manifesting in both BP and V’M PPG simultaneously. This 
episode is 12 beats length and has a magnitude of 14% (191 mmHg/s) in BP and a magnitude 

of 21% in V’M PPG. 

 
Fig. 5.5.  Intermittent MA with asynchronous V’M PPG MA episodes. 



MECHANICAL ALTERNANS – EXERCISE 

101 

The performance of all the PPG-based surrogates are ranked in Table 

5.2 in terms of their MA detection performance. Table 5.2 also presents the 

PPG-based MA surrogates’ magnitude and the magnitude thresholds 

identified by ROC analysis for this dataset. A discussion on how these 

thresholds vary among different data sets will be done in Chapter 7. 

 

The correlation between the magnitude of MA in BP and the magnitude 

of PPG-based MA was modest for most features. The highest correlation 

(0.76) was for the pulse peak, VM, however the detection specificity was 

only 0.5. The best performing feature in terms of MA detection was the first 

derivative max, V’M, detecting all the patients with MA, with a specificity of 

0.83. In total, V’M detected 26 episodes of alternans in the PPG vs 25 

reference episodes in BP. A scatter plot of the relative magnitudes of 

alternans in BP vs PPG IPW & V’M in each patient is presented in Fig. 5.6.  

TABLE 5.2  
PPG MA surrogates CPET 

PPG 
Pulse 

Indices 

Exercise Induced Mechanical Alternans 

Threshold 
(%) 

Sensitivity 
% 

Specificity 
% 

Accuracy 
% 

MA 
Magnitude 
Correlation 

V’M (6-8) 100 83 94 0.41 

IPW (0-7) 100 67 88 0.35 

A (8-10) 80 83 81 0.47 

VM (0-1) 100 50 81 0.76 

IPI (0-1) 70 83 75 0.08 

ICT (0-8) 70 67 69 0.07 

a (24-26) 70 50 63 0.06 

�̅�  (14-15) 60 67 63 -0.01 

Indices are ranked based on Accuracy. 10 out of 16 patients had intermittent MA in BP. 
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The prevalence and magnitude of alternans in the PPG V’M, with respect 

to the number of consecutive alternating beats, is presented in Fig 5.7. 

Following the results for intermittent alternans (>12 beats) from ROC 

analysis, a magnitude threshold of 7% was used for PPG alternans. Only 

two episodes of sustained alternans were detected in PPG V’M, each in a 

different patient, one of 21 and the other of 22 beats. Both patients had 

episodes of intermittent BP alternans. 

The magnitude of alternans also appeared to have a trend dependency 

on the heart rate, for both BP and PPG, see Fig 5.8. This is apparent only 

after normalizing for maximum heart rate. A peak in alternans magnitude is 

visible around 70% of maximum heart rate. However, the distribution of 

each heart rate group is wide, suggesting that this heart rate dependent 

variability in MA magnitude may be pronounced only in some patients. 

 

 
Fig. 5.6.  Correlation between MA magnitude in BP and in PPG V’M and IPW. Each point represents a 
patient with alternans. The coordinates represent the mean relative magnitude of all the alternans 
episodes detected in a patient. Pearson Correlation R2 (IPW) =0.12 and R2 (V’M) =0.17. 
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Fig. 5.7.  Analysis of alternating beats in PPG V’M vs dP/dt max. Graphs A, B and C illustrate 

the prevalence of alternans in patients, the percentage of alternating beats within recordings 
and the magnitude of these alternating beats episodes respectively. In graphs B and C, the 
markers represent the average, while the shaded section represents the error (standard 
deviation). Green is for BP and red for PPG. 
 

 
Fig. 5.8.  Interactions between heart rate and magnitude of alternans episodes in BP and PPG 
V’M. The number of alternans events within each heart rate interval is presented under each 
group. Statistically significant differences were calculated using the Mann-Whitney U ranked 
test. 
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4. Discussion and Conclusion 

Our results demonstrate that exercise induced MA could be accurately 

detected non-invasively in patients utilizing PPG. We found that the PPG V’M 

feature detected MA with 100%/83% sensitivity/specificity. The low 

correlation coefficient of MA magnitude is likely caused by an outlier as well 

as the limited number of patients. Fig. 5.7 C indicates similar levels of MA 

magnitude across the entire cohort. While motion induced artefacts may 

have affected the results, it is also possible that the low correlation between 

MA magnitude and magnitude of PPG alternans features may be due to a 

relatively low MA magnitude in this cohort. Most of the alternans episodes 

were under 20% magnitude. Furthermore, the patients were healthy 

enough to undergo demanding exercise for over ten minutes.  

Sustained mechanical alternans were not observed in the BP in any of 

the patients, but there were 2 episodes of 20 consecutive alternating beats 

in the PPG. These were false positives and one of them hand a high 

magnitude, likely due to movement induced artefacts over a few 

consecutive beats. Shorter, intermittent alternans were present in 10 

patients. Follow-up studies are required to investigate weather intermittent 

alternans can develop into sustained alternans with heart failure 

progression.  

The duration of alternans episodes, see Fig 5.7, appears to be 

overestimated in PPG V’M. However, the alternans occurrence within each 

recording is very similar to BP alternans. This may be due to the magnitude 

threshold for PPG MA being 7%, i.e. 3% higher than the magnitude 

threshold for BP MA. With respect the number of consecutive alternating 

beats, the magnitude is only slightly overestimated in PPG V’M compared to 

BP. In this cohort there is no increasing or decreasing trend of alternans 

magnitude nor in BP or PPG V’M. The apparent increase in PPG V’M 

magnitude towards alternans of 20 or more consecutive beats is the result 

of 2 outliers, and more data on sustained alternans would be needed to 

evaluate a supposed upward trend. 

Fig. 5.8 shows a qualitative trend of MA magnitude dependence on 

heart rate – very similar to what is present in [5], where MA generated 
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through atrial pacing also shows a heart rate dependent peak magnitude 

around the 130 BPM region. This is an area that needs to be further 

examined, as literature provides little information on this. 

The presence of alternans was investigated independently in each PPG 

pulse feature, in order to find a direct surrogate for MA that is easy to 

measure and implement. Our results support the hypothesis that beat to 

beat oscillations in BP manifest in the PPG waveform, however, data on 

sustained alternans is still missing. MA have been initially discovered in 

terminal patients and has subsequently been investigated in very diseased 

hearts. It may be that patients healthy enough to exercise are unlikely to 

manifest sustained patterns of high magnitude MA. 

This work demonstrates that exercise-induced intermittent MA can be 

detected from the PPG signal without resource intensive algorithms. Across 

the patient cohort, the occurrence, as well as the magnitude of these 

alternans episodes, is very similar between BP and PPG. This finding has 

implications for screening of MA and quantifying heart failure progression.  
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1. Introduction 

This study was designed to investigate mechanical alternans induced by 

ventricular pacing under carefully controlled conditions, i.e. stationary 

anesthetized patient, invasive BP recording. Patients with severe cardiac 

conditions were selected for this study.  

2. Method 

2.1. Data collection 

A dataset of 19 patients, referred to as the pacing group, underwent 

catheter ablation of ventricular tachycardia (12) and open-heart surgery for 

coronary artery bypass grafting (7) and was analysed for MA presence. The 

study was approved by the local research ethics committee and all patients 

gave informed consent for data collection. Table 6.1. summarizes the 

patient characteristics.  

 

TABLE 6.1. 
Patient Characteristics – Pacing Group 

# Age Sex Aetiology Hypertension 
Previous 

MI 
Diabetes NYHA LVEF 

1 34 F ARVC - - - - - 

2 70 M DCM 1 0 0 3 - 

3 86 M IHD 1 1 0 3 28 

4 79 F IHD 1 1 0 2 18 

5 58 M DCM  0 0 0 2 21 

6 80 M IHD 1 1 0 3 30 

7 59 F AR 1 0 0 2 55 

8 56 M IHD - - - - - 

9 73 M IHD 1 1 0 1 55 

10 63 M IHD 1 1 1 2 55 

11 62 M IHD - - - - - 

12 73 M - 1 0 1 1 45 

13 81 F IHD 1 1 1 2 60 

14 51 M IHD 1 1 0 2 - 

15 59 F AR 1 0 0 2 55 

16 75 M DCM/IHD 1 1 0 2 12 

17 79 M IHD 1 1 1 2 <35 

18 84 M IHD 1 1 0 3 25 

19 84 M IHD 1 1 0 2 28 

1=Yes. 0=No. MI – Myocardial Infarction, NYHA – New York Heart Association class, LVEF – Left 

Ventricular Ejection Fraction. IHD – ischemic heart disease, ARVC – arrhythmogenic right 

ventricular cardiomyopathy, DCM – dilated cardiomyopathy, AR – Aortic Regurgitation.  
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Both the PPG and BP raw signals were extracted from the patient 

monitor, bypassing the auto-gain and display filters. The signals were 

filtered with a finite impulse response (FIR) low pass filter of 30 Hz cut-off 

frequency. The filter order was adjusted to the signal sampling frequency. 

Following a peak detector algorithm, each peak selection was manually 

verified for consistency and corrected when needed. Table 6.2. summarizes 

the data collection setting per patient group.  

 

Typical recordings for patients from the Theatre group were 

characterized by long periods of steady state pacing, see in Fig. 6.1.  

 

TABLE 6.2. 

Data Collection Groups 

 Pacing Group 

Patients 7 12 

Setting  Cardiac Theatre Catheter Lab 

Intervention Cardiac Surgery Catheter Ablation 

MA Induction Ventricular Pacing Ventricular Pacing/Tachycardia 

PPG Recording GE Carescape GE Mac-Lab 

BP Recording 
GE Carescape 

Invasive 

GE Mac-Lab 

Invasive 

GE: General Electric Patient Monitor; CPET: Cardiopulmonary exercise test. 

 
Fig. 6.1. – Recording during open-heart surgery for coronary artery bypass grafting. The pacing 

frequency was controlled by the lead cardiologist 
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For the Catheterization group, a typical recording was longer and 

included several episodes of S1S2 pacing, hence the sudden heart rate 

spikes, see Fig. 6.2. 

 

3. Results 

Out of 19 patients, 9 exhibited sustained MA and 13 exhibited 

intermittent MA. All the patients with sustained MA also manifested 

intermittent MA. Tables 6.3 and 6.4 summarize the performance of PPG-

based surrogates for detection of MA in patients. Sensitivity, specificity and 

accuracy relative to the thresholds identified by ROC analysis are shown 

along with alternans magnitude correlation and the number of detected MA 

episodes.  

In BP, there were 89 detected episodes of sustained MA, of absolute 

magnitude 278 mmHg/s (± 179 mmHg/s) and relative magnitude of 47% 

(± 18.6 %). In addition to the sustained MA episodes, there were also 140 

episodes of intermittent MA of absolute magnitude 299 mmHg/s (± 187 

mmHg/s) and relative magnitude of 41% (± 19 %). 

A series of sustained MA episodes occurring during VT are illustrated in 

Figure 6.3.  

 
Fig. 6.2. – Recording during catheter ablation of ventricular tachycardia. When not in sinus 
rhythm, steady state pacing and S1S2 pacing protocols were used to induce ventricular 
tachycardia. 
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A snippet of a sustained episode of alternans during pacing is shown in 

Figure 6.4. 

 

 
Fig. 6.3. – Recording of sustained MA in both PPG and BP during a VT episode. The beat to beat 
pulse differences appear to oscillate in magnitude at approximately 0.1Hz. In this case the 
alternating pattern is discontinued, but still presents itself in episodes of +20 consecutive beats.   

 
Fig. 6.4. – Recording of sustained uninterrupted MA in both PPG and BP during pacing. The 
alternans magnitude is very high (61.6%) in this advanced heart failure patient; the weak 
pulses are almost suppressed in the PPG. 
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All PPG indices evaluated MA only in relative terms, except for the pulse 

interval (IPI) which detected 103 episodes of sustained MA of absolute 

magnitude 74ms (± 30ms) and 146 episodes of intermittent MA of absolute 

magnitude 53ms (± 35ms). 

The pulse derivative max (V’M) and pulse amplitude (A) detected MA 

with 100% sensitivity and 100% specificity.

 

  

TABLE 6.2 
Sustained Alternans 

PPG 
Pulse 

Indices 

Paced Induced Mechanical Alternans 

Threshold 
(%) 

Sensitivity 
% 

Specificity 
% 

Accuracy 
% 

MA 
Magnitude 
Correlation 

V’M (0-10) 100 100 100 0.95 

A (0-16) 100 100 100 0.92 

a (23-29) 100 90 95 0.82 

VM (0-8) 89 100 95 0.66 

IPI (0-3) 89 90 89 0.93 

�̅� (0-8) 78 100 89 0.49 

IPW (22-23) 78 100 89 0.81 

ICT (0-7) 78 100 89 0.62 

9 out of 19 patients had sustained MA in BP. 

TABLE 6.3 
Intermittent Alternans 

PPG 
Pulse 

Indices 

Paced Induced Mechanical Alternans 

Threshold 
(%) 

Sensitivity 
% 

Specificity 
% 

Accuracy 
% 

MA 
Magnitude 
Correlation 

V’M (0-20) 100 100 100 0.94 

IPW (0-23) 100 67 89 0.61 

IPI (0-1) 100 83 95 0.90 

a (18-21) 100 100 100 0.91 

VM (0-5) 92 83 89 0.20 

A (0-40) 100 100 100 0.87 

ICT (8) 77 83 79 0.73 

�̅� (0-3) 85 67 79 0.48 

13 out of 19 patients had intermittent MA in BP. 
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Indices based on pulse morphology, such as pulse amplitude (A and VM) 

and area (a) performed well, with accuracy >85% for both sustained and 

intermittent alternans. Interestingly, pulse interval (IPI) also provided good 

accuracy in the detection of MA, possibly as it is affected by ventricular 

contractility. Patients with sustained alternans were detected with high 

accuracy (>89%) by all the PPG indices. Index V’M outperformed the other 

indices, showing a Pearson correlation with BP MA of 0.94, and a similar 

number of detected MA episodes: 101 vs 89 for sustained MA, and 142 vs 

140 for intermittent MA. A scatter plot of the relative magnitudes of 

alternans in BP vs V’M & A PPG in each patient is presented in Fig. 6.5.  

 

The prevalence and magnitude of alternans in the PPG V’M, with respect 

to the number of consecutive alternating beats, is presented in Fig 6.6.  A 

magnitude threshold of 7% was used for PPG. 

 
Fig. 6.5. – Correlation between MA magnitude in BP and in PPG V’M & A. Each point represents 
a patient with alternans. The coordinates represent the mean relative magnitude of all the 
alternans episodes detected in a patient. The correlation for all the patients with MA is Pearson 
Correlation R=0.92; R2 = 0.849; p<0.001. 
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Similar heart rate dependent variations appear in this cohort as well. 

Figure 6.7 illustrates the variation of MA magnitude with pacing cycle length 

variation in bot BP and PPG. The magnitude change is more pronounced 

here than in exercise induced MA, Fig. 5.8. 

 

 
Fig. 6.6. – Analysis of alternating beats in PPG V’M vs dP/dt max. Graphs A, B and C illustrate 

the prevalence of alternans in patients, the percentage of alternating beats within recordings 
and the magnitude of these alternating beats episodes respectively. In graphs B and C, the 
markers represent the average, while the shaded section represents the error (standard 
deviation). Green is for BP and red for PPG. 

 
Fig. 6.7. – Interactions between heart rate and magnitude of alternans episodes in BP 

and PPG V’M.  
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4. Discussion and Conclusion 

The patients in this cohort had a high degree of cardiac impairment and 

needed surgical intervention. They were stationary or sedated, thus limiting 

any movement artefacts, the contraction of the heart was controlled 

through ventricular pacing and the reference signal, blood pressure, was 

measured invasively for highest accuracy without any recalibrations being 

required during the procedure. All these factors contributed to the accurate 

detection of sustained mechanical alternans, which was present in 9 out of 

19 patients.  

These results demonstrate that pacing induced MA could be accurately 

detected non-invasively in patients utilizing PPG. Both sustained and 

intermittent alternans have been detected with high accuracy by PPG. 

Furthermore, the magnitude of MA can be accurately quantified from the 

PPG waveform under motion free conditions. A correlation as high as R2 = 

0.849 was achieved between BP MA and MA-surrogate PPG V’M. 

The presence of alternans was investigated independently in each PPG 

pulse feature, in order to find a direct surrogate for MA that is easy to 

measure and implement. The results support the hypothesis that beat to 

beat oscillations in BP manifest in the PPG waveform across most features. 

Studies with larger populations are needed to further investigate clinical 

implications of sustained alternans in PPG.  

All the 9 patients that exhibited sustained MA also exhibited intermittent 

MA. 13 patients exhibited intermittent MA. This suggest that MA may 

indicate the progression of cardiac conditions, with more severe conditions 

associated with a greater number of continuous alternating beats. However, 

follow-up studies would be necessary to demonstrate it. 

When examining the length of alternating beats in non-sustained 

alternans, i.e. less than 20, see Fig. 6.6. B, it can be seen that the 

occurrence of alternans remains constant for episodes of 8 or more 

consecutive beats. For this cohort, an average of a fifth of the recorded 

beats were part of alternans episodes. On the other hand, the average 

magnitude of alternans increases with the length of alternating episodes, 
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see Graph C. It may be that short episodes of alternans decay in magnitude 

to the point of not being able to sustain the alternating pattern. Meanwhile, 

longer episodes often start with a low magnitude, which varies along the 

episode period, see Fig 6.3., thus averaging a larger episode magnitude. 

As presented in the Chapter 5 and in [5], there is an apparent 

dependence between the MA magnitude and heart rate. Fig 6.7. indicates 

there is a peak magnitude for MA, around the 125 BPM region. The variation 

in pacing protocol, along with the skewed distribution of MA episodes within 

the classified bins, limits this evaluation to a purely qualitative one. 

However, it is important to note that this qualitative trend is also reflected 

in the PPG MA-surrogates.   

During MA, small variations appeared in the PPG pulse interval, 

although the cycle length was fixed and constant. Similar temporal 

variations have been reported in the pulse arrival time [115] during steady 

state pacing. In sinus rhythm, when the pulse interval can change 

considerably, the pulse arrival time is potentially another non-invasive 

marker of MA.  

This work demonstrates that pacing-induced MA can be detected from 

the PPG signal without resource intensive algorithms. This finding has 

implications for screening of MA and quantifying heart failure progression.  
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5. Summary of Results 

The focus of this thesis has been to apply the PPG technology in 

detecting events and markers of clinical importance for cardiovascular 

disease management. Building upon past technical research that has made 

the technology pervasive and applicable for remote monitoring through 

wearable devices, this work has further advanced the field by evaluating the 

physiological sources of the PPG waveform measured at wrist and finger. 

With respect to clinical applications, the main contributions of this thesis 

are: 

▪ Sudden drops in blood pressure can be detected by PPG 

during VT. 

The work in Chapter 3 demonstrates that PPG can detect BP drops 

during VT with 89% sensitivity and 74% specificity, when ECG is used to 

determine VT onset. This is the first study that assesses changes in the PPG 

during VT, based on haemodynamic impact.  

▪ MA can be detected non-invasively in patients utilizing only 

the PPG signal 

Throughout Chapters 4, 5 and 6, this work demonstrates for the first 

time that patients with MA, both intermittent and sustained, can be 

accurately identified using the PPG signals alone. This may have important 

implications in facilitating risk stratification in heart failure populations. 

Although PPG oscillations have been previously reported anecdotally during 

MA [14], [15], this is the first quantitative investigation of PPG-based 

surrogates for MA. 

▪ MA-dependent variables can be quantified utilizing only the 

PPG signal  

This work also demonstrates that MA duration is similarly reflected in 

the PPG compared to BP for both definitions of intermittent and sustained 

MA, as well as for alternating episodes of shorter lengths. Furthermore, the 

MA magnitude in BP and in PPG is demonstrated to be correlated during 

motion free conditions, R2 = 0.872. 
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▪ MA develops progressively and can be quantified even in 

patients without severe heart failure 

It was shown, across three different groups of patients, that alternans 

increase in episode length, prevalence, occurrence as well as magnitude 

with different levels of cardiac excitation: sinus resting, sinus exercise and 

ventricular pacing. This work demonstrates that when alternans are 

assessed beyond the arbitrary definition of 20 consecutive beats, they 

manifest themselves and can be quantified even in subjects without severe 

heart failure.  

The results for all the groups (Resting, Exercise and Pacing) are 

illustrated in Figure 7.1. 

 

Three groups of patients were investigated: Resting/Stationary Group, 

Exercise Group and Pacing Group. In the Pacing Group, MA was induced by 

pacing or by sustained VT and BP was measured invasively, for highest 

accuracy. In the Resting and Exercise Groups, data were recorded in sinus 

 
Fig. 7.1. – Analysis of alternans in all patient groups, in dP/dt max, column 1, and PPG V’M, 

column 2. The first second and third row illustrate the prevalence of alternans in each group, 

the percentage of alternating beats and the magnitude of the alternating beats episodes 
respectively. In the last two rows, the markers represent the average, while the shaded section 
represents the error (standard deviation). 
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rhythm and BP was measured non-invasively, thus possibly introducing a 

degree of error in the reference signal. Sustained alternans was solely 

present in the Pacing Group, possibly because patients undergoing catheter 

ablation for ventricular tachycardia or cardiac surgery for coronary artery 

bypass grafting had poorer ventricular function than patients in the other 

groups and because ventricular pacing/tachycardia is known to facilitate the 

establishment of MA [4]. Detection of MA was more challenging in the 

Exercise Group than in the Pacing Group not only because exercise is less 

effective than ventricular pacing/tachycardia in inducing MA and patients 

had better ventricular function, but also because the reference signal for MA 

in this group, i.e. blood pressure, was measured non-invasively and 

measurements were more prone to movement artefacts due to exercise. As 

expected, all PPG indices performed better in the Pacing Group than in the 

Exercise Group. No MA was present in the Resting Group. 

Mechanical alternans was categorized as sustained or intermittent for 

comparability with existing literature. Sustained alternans has been more 

widely investigated [1]–[6], [8], [10] and its prognostic value has been 

demonstrated in several studies [1], [4], [6]. I also considered intermittent 

MA, which occurs sporadically in short episodes and often shows lower 

magnitude, because I hypothesized that this may be useful as an earlier 

predictor of adverse cardiovascular outcome. Further investigation, with 

follow-up studies, is needed to assess the prognostic value of both 

sustained and intermittent PPG-derived MA.  

6. PPG-based MA Surrogates 

The PPG maximum pulse slope, V’M, was the best surrogate for MA, with 

100% sensitivity and 92% specificity for intermittent MA when combining 

the Exercise and Pacing groups, see Table 7.1. In the Pacing Group, both 

sustained and intermittent MA were detected with 100% sensitivity and 

100% specificity using both the maximum of the pulse derivative (V’M) and 

pulse amplitude (A).  

Table 7.1 presents the best performing threshold values for detecting 

intermittent MA for each of the Exercise and Pacing group individually, as 

well as for the groups combined. In the Pacing Group, accuracy can be 
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maximized using a wide range of thresholds, while in the Exercise Group 

accuracy is maximized using similar thresholds but within a narrower 

window, since the magnitude of mechanical alternans was generally lower in 

this group. 

 

The magnitude of MA was highly correlated between BP and PPG indices 

V’M, pulse interval and pulse amplitude, see MA Corr columns in Table 7.1. 

The correlation was higher for patients with sustained alternans (Fig. 6.5.). 

The lower correlation of intermittent alternans can be explained by the low 

MA magnitude values, averaging under 10% for both BP and PPG, see the 

last row in Fig. 7.1. In the Exercise Group, the correlation was also lower for 

most indices, possibly also on account of movement artefacts related to 

exercise and apparatus limitations in detecting BP non-invasively [52]. 

These limitations are presented in the Mechanical Alternans Methods, 

subsection Apparatus Limitation. 

The PPG pulse interval index was a good surrogate for MA, detecting 

sustained and intermittent MA with 95% and 86% accuracy, respectively. 

Interestingly, small pulse interval variations allowed to accurately detect MA 

even when the heart rate was fixed (Pacing Group). Similar variations have 

been reported before in pulse arrival time during pacing [115]. Since 

pulsations of higher pressure travel faster through arteries [118], it was 

hypothesized that this may be due to beat-to-beat variations in contractility 

TABLE 7.1 
Intermittent Alternans 

PPG 

Pulse 

Indices 

Pacing Group Exercise Group Exercise + Pacing Groups 

Thr 
Se 

% 

Sp 

% 

Acc 

% 

MA 

Corr 
Thr 

Se 

% 

Sp 

% 

Acc 

% 

MA 

Corr 
Thr 

Se 

% 

Sp 

% 

Acc 

% 

MA 

Corr 

V’M (0-20) 100 100 100 0.94 (6-8) 100 83 94 0.41 (6-8) 100 92 97 0.91 

IPW (0-23) 100 67 89 0.61 (0-7) 100 67 88 0.35 (0-7) 100 67 89 0.66 

IPI (0-1) 100 83 95 0.90 (0-1) 70 83 75 0.08 (0-1) 87 83 86 0.81 

A (18-21) 100 100 100 0.91 (8-10) 80 83 81 0.47 (18-21) 78 100 86 0.82 

VM (0-5) 92 83 89 0.20 (0-1) 100 50 81 0.76 (0-1) 96 67 86 0.15 

a (0-40) 100 100 100 0.87 (24-26) 70 50 63 0.06 (40) 74 92 80 0.70 

ICT (8) 77 83 79 0.73 (0-8) 70 67 69 0.07 (8) 74 75 74 0.64 

�̅� (0-3) 85 67 79 0.48 (14-15) 60 67 63 -0.01 (0-3) 78 58 71 0.46 

Intermittent MA was present in 13 patients in the Pacing Group and in 10 patients in the Exercise 
Group. Thr is the threshold interval, Se - sensitivity, Sp - specificity, Acc - accuracy and MA Corr 
is the Pearson correlation of MA magnitude. 
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directly translating into variations in the pulse arrival time and therefore in 

the pulse interval.  

It has been previously shown [33] that cycle length related variations, 

i.e. pulse interval changes, correlate between BP and PPG signals. Since MA 

exhibit high frequency variations independent of cycle length variations, 

alternating beats that were preceded by a cycle length change of 200 ms or 

more were excluded. This aided to exclude ectopic induced oscillations, 

bigeminy, as well as some motion induced artefacts in PPG. This simple 

threshold was efficient in singling MA related variations; however, further 

research is needed for precise differentiation of alternans originating from 

cycle length variations and those originating from Ca2+ handling. 

Fig. 5.8. and Fig. 6.7. show a qualitative trend of MA magnitude 

dependence on heart rate – very similar to what is present in [5], where MA 

generated through atrial pacing also shows a heart rate dependent peak 

magnitude in the vicinity of 130 bpm. If MA magnitude is maximum at a 

certain heart rate value, this could add another dimension of quantifying 

MA. It would be interesting to examine how this varies with heart size and 

patient age. This is an area that needs to be further examined, as literature 

provides little information. 

The hypothesis that PPG could detect MA was based on the assumption 

that PPG can track oscillations in the blood pressure, and therefore MA could 

be detected via PPG regardless of the underlying mechanisms, due to the 

intrinsic link between blood pressure and arterial flow [24]. Previous studies 

have shown that MA can be observed in both ventricular blood pressure 

[10] and in the aortic ejection, via Doppler measurements [47]. MA has also 

been detected in the peripheral arterial blood pressure [6], with significant 

increase in magnitude compared to left ventricle alternans. Due to 

peripheral blood pressure augmentation [119] and the PPG’s ability to 

detect changes in peripheral blood flow [65], it was assumed that alternans 

could be optically detected at peripheral sites, i.e. finger, wrist. 
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7. Reflections on Controversies 

The definitions of MA have varied slightly in literature, however there 

seems to be a consensus that MA indicates poorer prognosis when it is 

sustained and has higher magnitude. Sustained alternans has often been 

defined as a systolic or dP/dt alteration over 20 beats or more. A threshold 

is commonly employed to discard low magnitude alternans, i.e. 4mmHg [1] 

for systolic BP, 100mmHg/s [5] for max dP/dt, particularly in clinical 

studies. However, there are also studies looking at microsystolic blood 

pressure alternans (MBPA) [6] which consider alternans of all magnitudes. 

Mechanical alternans could also be defined in terms of a spectral power 

index, if the spectral method is used for detection. However, the spectral 

method is best suited for long recordings with lengthy uninterrupted periods 

of alternans. It is limited in assessing intermittent alternans, and its 

sensitivity is affected by ectopics and noise [120]. 

In this study, the definition of sustained alternans was maintained as 20 

alternating beats or more, and an adaptive threshold was introduced, 4% 

relative change to the stronger beat. In the Pacing Group, a 4% change in 

peak dP/dt (P’M), corresponds to 33 mmHg/s (± 24 mmHg/s).  

Intermittent alternans were defined as 12 consecutive beats or more to 

avoid evaluating unwanted short variations. It has been shown that similar 

variations [49], which needed to be excluded from the analysis, can occur 

from ectopic beats and last for up to 8-10 beats. 12 was chosen to allow 

evaluation of the shortest MA episodes while also excluding unwanted 

variations. Although arbitrary, the results for MA detection were similar 

even when the window Q was different from 12. Table 7.2 below presents 

the results of MA detections for the entire data set, when MA episodes in BP 

are defined for other window lengths (Q) or thresholds (∆𝑟
̅̅ ̅) and PPG V’M, is 

used as a MA-surrogate. 

Beyond the dual classification, based on the duration of alternans within 

episodes and magnitude threshold, a new holistic method of evaluating 

alternans in patients was presented. Within patients, alternans of all 

durations could be evaluated in terms of magnitude and occurrence to 

assess how heart failure might progress in patients without sever pump 
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failure. This proposed method is more suited for evaluating MA as a 

progressive condition.  

 

8. Limitations and Future Studies 

Studies with longer recording times would be better suited to assess the 

accuracy during long term monitoring. Across all patients, the average 

recording time was 15m 55s (±10m 38s) and it was limited by the 

procedure or patient fitness. 

The continuity required for the analysis was affected, in the Stationary 

and Exercise Groups, by frequent recalibrations of the Finometer. Movement 

artefacts affect both the PPG and noninvasive BP. Although noise reduction 

in the PPG is an active field of study, sophisticated techniques of signal 

reconstruction during movement have mostly focused on accurate 

estimations of heart rate [121], [122]. Reconstructing the motion corrupted 

signal for accurate pulse index measurement may be too challenging of a 

TABLE 7.2  
Definition of Intermittent Alternans 

Accuracy 

∆�̅�\Q 8 10 12 14 16 

1 0.50 1.00 0.91 0.87 0.95 

2 0.50 1.00 0.91 0.87 0.95 

3 0.50 1.00 0.91 0.87 0.95 

4 0.50 0.83 0.92 0.88 0.95 

5 0.50 0.83 0.92 0.82 0.95 

6 0.67 0.89 0.93 0.82 0.95 

7 0.50 0.89 0.93 0.83 0.95 
 

MA Magnitude Correlation 

∆�̅�\Q 8 10 12 14 16 

1 0.88 0.85 0.91 0.86 0.90 

2 0.88 0.85 0.91 0.86 0.90 

3 0.88 0.85 0.91 0.86 0.90 

4 0.88 0.85 0.91 0.86 0.90 

5 0.88 0.85 0.91 0.86 0.90 

6 0.82 0.82 0.89 0.86 0.90 

7 0.82 0.82 0.87 0.86 0.90 
 

Sensitivity 

∆�̅�\Q 8 10 12 14 16 

1 1.00 1.00 0.96 0.80 0.92 

2 1.00 1.00 0.96 0.80 0.92 

3 1.00 1.00 0.96 0.80 0.92 

4 1.00 1.00 1.00 0.84 0.92 

5 1.00 1.00 1.00 0.83 0.92 

6 0.78 0.85 0.90 0.83 0.92 

7 0.77 0.85 0.85 0.88 0.92 
 

Specificity 

∆�̅�\Q 8 10 12 14 16 

1 0.50 1.00 0.91 0.87 0.95 

2 0.50 1.00 0.91 0.87 0.95 

3 0.50 1.00 0.91 0.87 0.95 

4 0.50 0.83 0.92 0.88 0.95 

5 0.50 0.83 0.92 0.82 0.95 

6 0.67 0.89 0.93 0.82 0.95 

7 0.50 0.89 0.93 0.83 0.95 
 

Intermittent MA detection results for different definition values of magnitude threshold (∆𝒓
̅̅ ̅ (%)) 

and MA episode duration (𝑄 (# of consecutive alternating beats)) 
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task. In this study, PPG has been recorded in stable, and mild movement 

conditions, as per clinical procedure. 

The presence of alternans was investigated independently in each PPG 

pulse feature, in order to find a direct surrogate for MA that is easy to 

measure and implement. Although the results in this cohort have been 

satisfactory for several PPG features, a multi-variable analysis and machine 

learning techniques could be used to further improve the ability of PPG to 

detect alternans. These are more likely to be needed in challenging 

recording settings, such as wearable wrist devices, where movement 

artefacts are frequent and skin perfusion is low.  

9. Clinical Perspective 

The presence of MA has been sufficient to identify patients with cardiac 

risk in heart failure populations [1], [4]. Mechanical alternans may be a 

useful quantifying marker for heart failure progression, and its detection 

through PPG could be a valuable tool in monitoring cardiac patients in a 

world with an aging population. The ability to detect this marker with 

existing, widely available medical equipment [60], [65], opens avenues for 

further clinical investigations into its prognostic utility as a population based 

risk-stratifier. The technology may be used to classify patients who may 

benefit from an implantable cardioverter defibrillator or ventricular assist 

device. This optimization could enable more widespread use of PPG data 

both in the hospital setting and for home monitoring to enable treatment 

and risk stratification in community care.  

PPG-derived MA may represent a novel useful prognostic marker in 

patients with heart failure. With the expansion of wearable devices and m-

health, one could speculate that MA could be integrated into an adaptive 

multi-variate risk-prediction model based on data recorded through a PPG 

sensor continuously monitoring heart rate, heart rate variability [33], 

turbulence [40] and respiratory rate [34], [35]. The combination of 

predictors related to complementary pathophysiological mechanisms 

provides better risk profiling [123] and an opportunity that should be tested 

in future studies.  
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Furthermore, MA could be a valuable tool in evaluating asymptomatic 

patients. For example, Aortic Stenosis (AS) is the most common heart valve 

lesion, affecting 2% to 5% of older adults, and determining its severity 

remains problematic. By remotely monitoring MA progression in moderate-

to-severe AS patients, cardiologists could gain insights into disease 

progression and optimally time surgical intervention for valve replacement. 

This would create significant health impacts on a patient’s wellbeing while 

also optimizing healthcare resource use. 

MA monitoring could also be used to monitor patient response to 

treatment plans, such as β-blockers. This would also increase efficiency in 

healthcare resource utilization while also decreasing the likelihood of 

unexpected readmissions. Moreover, as MA magnitude appears to be 

modulated by the ANS in some instances, see Fig. 6.3., there may potential 

in detecting and assessing autonomic disfunction through MA quantification. 

In socio-economic terms, the PPG technology has a considerable 

advantage to ECG and BP because it is already adopted by millions of 

people who use the hundreds of millions of wristband and smartwatches 

with optical heart rate sensors. Currently these devices are software-limited 

to gathering low resolution data, mostly for energy saving purposes. 

However, the upgrade to high resolution data can be programmed into 

existing devices instantaneously, making virtually any device capable of 

evaluating MA or other health biometrics. Most device manufacturers, from 

Apple to Fitbit and Samsung, have confirmed their intention to develop their 

wearable devices to become medical devices. 

As healthcare providers will become overstretched by demand of 

management of chronic conditions, the population may become more 

inclined to self-manage and prevent emergency hospital visits, i.e. 

myocardial infarction, SCD. Therefore, it is critical that even consumer 

devices can gather clinical level data which can be interpreted and applied 

by the healthcare practitioners  
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Conclusion 

This study demonstrates that blood pressure MA, an independent 

marker of cardiovascular impairment and predictor of poor outcome in heart 

failure patients, can be detected using PPG-based surrogates. This work 

investigated the relationship between MA and its PPG surrogates in three 

groups of patients; both during controlled conditions, with gold standard BP 

measurements, and during challenging conditions, with non-invasive BP 

measurements.  

Further to detection of MA, I have demonstrated that MA-surrogate 

magnitudes are correlated with magnitude of MA in BP. Duration of MA is 

also similar between BP and PPG even for alternans of shorter duration than 

the standard MA definition. I have also shown that MA appears in the blood 

pressure and PPG at similar heart rates. The frequency of MA episodes 

within patients could not be investigated due to the short recording times. 

Such an investigation would require recordings of hours to days, preferably 

in sinus rhythm.  

All in all, MA of equal or more than 4% relative magnitude in BP can be 

accurately detected through the PPG, particularly through measuring the 

maximum of the pulse first derivative. For detecting sustained alternans, 

other PPG features, such as pulse amplitude or pulse area, are equally 

accurate. Changes in these features could be observable even on the pulse 

oximeter display and may be useful for clinicians looking to detect alternans 

non-invasively without any algorithm employment. Chapter 2 revealed that 

the finger PPG waveform can be calculated from the wrist PPG and MA could 

potentially be detected at the wrist as well by wrist-based PPG devices. 

Patients with MA have been reported [3] to have more advanced heart 

failure i.e. higher score, according to the New York Heart Association 

(NYHA) Functional Classification, than those without. Cardiac events are 

also more prevalent in MA positive patients [4]. Screening for MA could 

facilitate fast identification of patients with increased mortality or morbidity 

risk. This is particularly important for hospitalised heart failure patients, 
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which often have high post-discharge readmission rates. Sudden cardiac 

risk (SCD) originating from ventricular arrhythmias is hard to quantify, but 

MA has the potential to identify patients at risk of death from heart failure. 

Low cost, non-invasive screening of MA could also help stratify patients 

benefiting from implantable cardioverter defibrillator/CRT-D. Thanks to the 

widespread availability of PPG sensing devices, monitoring MA may become 

a valuable tool in managing heart failure populations. 

Furthermore, PPG could also be used to detect sudden drops in blood 

pressure during VT and complement ICDs in shock delivery. A study 

examining connected ICD devices revealed that less than 15% of patients 

have a shock, and almost half of these are false positive shocks [11]. A 

previous study on heart failure populations [124] revealed that an 

estimated 20-35% of HF patients with an ICD will experience an appropriate 

shock within 1 to 3 years of implant. Furthermore, due to inappropriate 

shock and post-implant management, the risk of pump failure is increased – 

2 to 5-fold increase in mortality. Thus, it appears that many ICD devices lie 

dormant, and are often a risk for people suffering of heart failure. Clearly, 

there is room for improvement in HF patient management and for 

significant cost savings to be made here for healthcare providers. NHS 

England spends £500 million per year on devices such as ICDs [125]; the 

average estimated price per device being £9,692 [126].  
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