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SUMMARY

CARDIAC ARRHYTHMIA MONITORING FROM CLINICAL SET-
TING TO DAILY LIFE

Cardiac arrhythmias are conditions in which the heart rate or rhythm is ab-
normal – the heart is beating too fast, too slow, and/or irregularly. Arrhythmias
can vary from life-threatening to benign, and when requiring treatment, their
detection and diagnosis are important. This can be enabled through monitoring.
Because cardiac arrhythmias can occur in different settings, there is also a
range of different measurement devices for their monitoring, e.g. 12-lead
electrocardiography (ECG), Holter monitors, and implantable loop recorders.
The applications vary from hospital to ambulatory setting, from intensive mon-
itoring to intermittent, from invasive to non-invasive, and from short-term to
long-term. ECG is the gold standard for diagnosing and monitoring arrhyth-
mias and can be measured with surface electrodes. Similar information can
be also obtained invasively, e.g. with implantable devices that can be used for
long-term.

Moreover, indications for monitoring are different between clinical and am-
bulatory settings. In a clinical setting they are defined mainly by factors such
as reason for hospital admission, type of operation, and presence or lack of
symptoms or complications. For ambulatory monitoring, symptoms and their
frequency are the key indicators. In ambulatory monitoring, especially intermit-
tent episodes of atrial fibrillation (AF), which is an arrhythmia increasing risk
of stroke and heart failure, are difficult to detect and the arrhythmia can easily
remain undiagnosed. Studies have shown that prolonged continuous monitor-
ing of populations at risk with implantable devices increases the percentage of
subjects detected with AF, and therefore prolonged monitoring could help in
diagnosing AF and starting of appropriate therapy earlier. In order to monitor
patients for long-term unobtrusively, alternatives for ECG are needed.

In this thesis, we explore possibilities of using additional measurement
modalities to ECG in cardiac monitoring both in a clinical setting and in daily
life. More precisely the focus is on pulsatile waveforms: arterial blood pressure
(ABP) and photoplethysmography (PPG). For daily life, PPG provides an
unobtrusive, low-cost, and easy-to-use measurement modality often used in
wrist-worn applications. Compared to ECG, which measures the electrical
activity of the heart, pulse waveforms reflect the pressure and volume changes
adding therefore complementary information. When considered alone, they
can be used for extracting heart beats and deriving information about the heart
rate and rhythm.
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Part I of the thesis focuses on monitoring in clinical setting. In intensive
care, false alarms for life-threatening arrhythmias can be caused, e.g. by a
noisy ECG signal due to movement or a detached electrode. In Chapter 2,
information from available ABP and/or PPG was used in addition to ECG to
reduce false alarms for asystole, extreme bradycardia, extreme tachycardia,
ventricular tachycardia and ventricular fibrillation/flutter. After signal quality
assessment and selection of best quality signals, alarms were classified by
using machine learning, leading to a significant reduction of the false alarms
for each arrhythmia. In Chapter 3, accuracy of AF detection with wrist-worn
PPG data measured in a clinical setting was compared to AF detection in daily
life. It is shown that when using the same methods, the detection accuracy
varies between clinical setting and daily life due to different measurement
settings and patient characteristics.

Part II of the thesis focuses on daily life settings, in particular on the use
of PPG in wrist-worn applications in order to detect AF. In Chapter 4, a set
of features was extracted from inter-beat intervals and used for AF detection.
The classification performance was compared between ECG and PPG measure-
ments of 24 hours in daily life. When assessing the PPG data quality by using
information from simultaneously measured acceleration of the wrist, similar
detection performance of AF was obtained with PPG compared to ECG when
data during movement was not included in the analysis of PPG data. In Chapter
5, we studied if detecting another arrhythmia that also increases stroke risk,
atrial flutter (AFL), could be detected separately from the PPG data, and if
adding an AFL detection next to AF detection would improve the accuracy of
AF detection. In addition, more information was extracted from the measured
data compared to Chapter 4, such as heart rate variability, PPG waveform, and
acceleration information, which were combined with machine learning. The
results showed that when combining this information, AFL could be detected
separately, improving also accuracy of AF detection. In Chapter 6, a new
feature from the PPG signal was studied which is present during AF but not
during regular rhythms and could be related to the contractile force-interval
properties of the heart.

For building a comprehensive view about the state-of-the-art of PPG monitor-
ing of AF and understanding the current knowledge gaps and future directions,
the literature is reviewed and discussed in the final chapter along with the con-
tributions of this thesis. To conclude, the information given by pulse waveform
measurements, i.e. ABP and PPG, can be useful in cardiac arrhythmia moni-
toring. In the hospital, where these measurements are often already present,
including information from them to the detection of life-threatening arrhyth-
mias can improve the accuracy and reduce the burden of false alarms. For
screening AF, PPG provides a promising solution which could be used when
the data quality is sufficient. Future research should focus on further devel-



opment of AF detection with PPG in daily life, improving the measurement
coverage and accuracy during movement and in the presence of other cardiac
arrhythmias. Ultimately, clinical studies are needed to prove the clinical added
value of this AF-screening technology.
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1
INTRODUCTION

This first chapter introduces the current practice and challenges in cardiac ar-
rhythmia monitoring, and highlights the motivation for the research conducted
in the thesis.
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When the pulse is irregular and tremulous and the beats occur at intervals,
then the impulse of life fades; when the pulse is slender (smaller than feeble,
but still perceptible, thin like a silk thread) then the pulse of life is small.

Huang Huang Ti Nei Ching Su Wen, 2000 BC

T HIS observation is from The Yellow Emperor’s Classic of Internal
Medicine, and it is probably the earliest notation of atrial fibrillation

(AF), the most common sustained cardiac arrhythmia today. Already in ancient
times, physicians associated chaotic irregular heart rhythms, later discovered
to be AF, with poor prognosis. Centuries later, in 1928, the relation between
cardiac and cerebrovascular death was investigated in detail in the Framing-
ham study.1 Today, it is well established that AF increases the risk of stroke
and other serious health related consequences, such as heart failure, impaired
quality of life, hospitalization, and death.

AF is not the only cardiac arrhythmia that can have serious negative conse-
quences to health. Some arrhythmias originating from the ventricles, i.e. from
the two lower chambers of the heart, can be life-threatening. The discovery
of ventricular fibrillation was made in 1850 by Ludwig and Hoffa and named
"mouvement fibrillaire" by Edmé Félix Alfred Vulpian in 1874.2 Initially this
rhythm disturbance, which had been initiated by giving the heart electrical
shocks, was thought to be an experimental curiosity. However, in 1889 a
Scottish physiologist John Alexander MacWilliam advanced the hypothesis
that ventricular fibrillation was the primary mechanism of sudden death in
humans.2

An important step forward in studying cardiac arrhythmias was the invention
of electrocardiography (ECG) in 1900 by Dutch physician and physiologist
Willem Einthoven,1 who was awarded with the Nobel prize in 1924. The first
ECG recording of AF in a patient was published in 1906 by Einthoven which
he describes as "pulsus inaequalis et irregularis".3 In 1912, the first ECG of
ventricular fibrillation was published by August Hoffman. To this date, ECG is
still the most important tool for monitoring cardiac arrhythmias.

ECG monitoring can be used both in clinical setting for hospitalized pa-
tients and in daily life for ambulatory monitoring. It has an important role
in diagnosis and management of arrhythmias, but in both monitoring settings
unresolved challenges, such as skin irritation caused by the electrodes in long-
term monitoring, still remain. Novel technologies have been developed for
heart rate monitoring, such as photoplethysmography (PPG), which is used,
e.g. in smartwatches. PPG is also measured in clinical setting, usually for
derivation of oxygen saturation of blood. This thesis investigates whether PPG,
and in a clinical setting other continuous pulse measurements, can be used
as a complementary measurement modality to ECG to overcome some of the
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current challenges in arrhythmia monitoring.

1.1 CARDIAC ARRHYTHMIAS

During cardiac arrhythmia the rhythm of the heart is different from normal,
i.e. too slow, too fast, or irregular. Arrhythmias differ in origin, symptoms and
severity. Alteration of the heart rhythm is due to a disturbance in the normal
electrical conduction in the heart. This section first describes the normal
conduction in the heart, i.e. during sinus rhythm, followed by a description of
different types of arrhythmias.

1.1.1 Normal conduction in the heart

The heart consists of four chambers, i.e. right atrium (RA), left atrium (LA),
right ventricle (RV) and left ventricle (LV) (Fig. 1.1a). The electrical impulse,
which makes the atria and ventricles contract, originates from the sinoatrial
(SA) node that is the natural pacemaker of the heart, located in the upper wall
of the right atrium, and it defines the rate of beating. The impulse propa-
gates through the atria and ultimately reaches the atrioventricular (AV) node
(Fig. 1.1b). On an ECG, atrial depolarization and contraction is visible as
the P-wave. The AV node regulates the delay in passing the impulse from
the atria to the ventricles, which permits the optimal filling of the ventricles
during atrial contraction. After filling of the ventricles, the impulse propagates
over the ventricles initiating a contraction (Fig. 1.1c). On an ECG, ventricular
depolarization is denoted by the QRS complex and ventricular repolarization
by the T-wave.4

1.1.2 Atrial fibrillation

Atrial fibrillation (AF) is a chaotic electrical activation of the atria, causing
the ventricles to beat irregularly and at a faster rate. In contrast to atrial
activation during sinus rhythm (Fig 1.2a), during AF the activation is irregular
and very rapid causing an uncoordinated atrial contraction, which is inefficient
(Fig 1.2b). This in turn leads to an irregular ventricular response that is often
also very rapid, depending on how the AV node filters the impulses coming
from the atrium, and the contractions are weaker than during sinus rhythm.4

The rapid and irregular rhythm during AF can be maintained by three differ-
ent mechanisms. First mechanism is by presence of one or more atrial ectopic
foci with irregular conduction towards the rest of the atria that cause an irregu-
lar fibrillatory activity.4 In the second mechanism, one or a small number of
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Figure 1.1: Electrical conduction during sinus rhythm: a initiation of the contraction from
sinoatrial (SA) node, b activation and contraction of atria, followed by c activation of ventricles
((Reprinted by permission from Springer Nature: Lip et al.,4© 2016). RA = right atrium, LA =
left atrium, RV = right ventricle, LV = left ventricle, AV = atrioventricular, PV = pulmonary
vein.

Figure 1.2: Onset of atrial fibrillation (AF): a last normal beat before onset of AF, b rapid and
uncoordinated atrial activity during AF (Reprinted by permission from Springer Nature: Lip et
al.,4© 2016).

rotors may produce a local activation with fibrillatory conduction causing AF.4

The third mechanism is by many functional reentry waves.4 Reentry means
that there is a continuous circulating electricity and the impulse, instead of
terminating at the end of the contraction, reenters and continues to repetitively
excite a region of the heart. In AF, the reentry waves have irregular patterns
and no clear activation pattern.4

The electromechanical consequences of AF have important clinical impli-
cations, such as increasing the risk of stroke and heart failure. The risk of
blood coagulation and thrombosis are caused by the absence of effective atrial
contraction. The efficiency of ventricular contraction can be also reduced by
AF due to the rapid and irregular rhythm, leading to worsening of existing heart
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failure or even causing heart failure. Therefore, AF contributes to increased
morbidity and mortality as well as impaired quality of life.4 For preventing
stroke, treatment of AF includes administering anticoagulants if the stroke
risk is considered sufficiently high. Rate control is intended for maintaining
heart rate within desired limits with medication whereas rhythm control is for
restoring sinus rhythm and can be achieved either with antiarrhythmic drugs or
with electrical cardioversion. Cathether ablation, in which pulmonary veins
on an atrial level are isolated, is also an effective way to restore and maintain
sinus rhythm, and is usually a treatment option after failure of or intolerance to
antiarrhythmic treatment.5

AF is a progressive disorder and is classified as paroxysmal, persistent, long-
standing persistent or permanent, depending on the duration of the arrhythmia.
Definitions of these classes are commonly that paroxysmal AF self-terminates
within 7 days, persistent AF lasts continuously more than 7 days, long-standing
persistent AF is continuously present more than a year, and eventually AF can
be permanent or chronic.4

AF is the most commonly experienced sustained rhythm disorder, being
a growing epidemic and a major public health issue. Prevalence of AF is
estimated to be approximately 3% in adults over 20 years old5 and can be
present in 3-6% in patients admitted in the hospital with acute conditions.4

In addition, the prevalence is higher in older populations and in patients with
conditions such as obesity, hypertension, diabetes, heart failure, coronary artery
disease, valvular heart disease, or chronic kidney disease.5 These conditions
are considered as risk factors for developing AF and other risk factors include
male sex, cigarette smoking, alcohol consumption, obstructive sleep apnea,
chronic obstructive pulmonary disease, hyperthyroidism and family history.6

1.1.3 Atrial tachycardias

Atrial tachycardias (AT) are regular atrial rhythms at a constant rate that exceeds
100 beats per minute (bpm) and originate outside of the SA node region.7 The
division of ATs is made by their mechanism to focal and macroreentrant, ex-
cluding some tachycardias that cannot be classified by this division. Sustained,
focal ATs usually arise with absence of structural heart disease, with greater in-
cidence in middle-aged individuals, but can arise at any age.8 Focal ATs occur
due to an automatic, triggered, or microreentrant mechanism.7 In macroreentry,
the reentry is through a relatively large, and potentially well-characterized
circuit. The division of ATs by mechanism is important in planning of ablation
therapy8 in which the atrium is scarred with radiofrequency electrical current
to terminate the tachycardia.

Atrial flutter (AFL) is a cardiac arrhythmia that often occurs with structural
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heart disease and may also be present in context of a disease, such as sepsis
or myocardial infarction.9 It is less common than AF, occurring <1/10 times
compared to AF.10 These two arrhythmias have a close pathophysiological
relation and because of the dependence of flutter on fibrillation, even up to 75%
of patients with AFL have been documented to have also AF.9

The mechanism of AFL is reentry,9 and typical atrial flutter (AFL) belongs
to macroreentrant ATs. AFLs are divided into typical or atypical based on
whether it is dependent on cavotricuspid isthmus, a region in the right atrium.
Of the two types, typical AFL is more common.9

ATs are associated with stroke risk11 and the stroke risk for AFL is not much
different from AF.5 The guidelines for administering anticoagulants for AFL
are similar to AF.5

1.1.4 Ventricular arrhythmias

Ventricular arrhythmias range from premature ventricular contractions (PVC)
to ventricular fibrillation (VF) and the clinical manifestations vary from lack
of symptoms to cardiac arrest. The risk of ventricular arrhythmia and sudden
cardiac death vary in populations with different underlying cardiac condi-
tions, family history, and genetic variants. Most life-threatening ventricular
arrhythmias occur with ischemic heart disease, especially in older patients.12

Ventricular arrhythmias can be divided in non-sustained and sustained ar-
rhythmias. Non-sustained ventricular arrhythmias include premature ventricu-
lar contractions (PVCs) and non-sustained ventricular tachycardia (VT), which
is defined as maximum three consecutive contractions originating from the
ventricles at rate 100 bpm. PVCs are common and increase in frequency with
age. Frequent PVCs, which are defined as 1 PVC in 10 seconds or more than
30 PVCs per hour, are associated to an increased cardiovascular risk and in-
creased mortality in the general population. Because some studies have shown
this association to adverse events, the detection of PVCs, especially when
frequent and multifocal, leads to an evaluation whether the patient may have
an underlying cardiac disease. In patients with cardiovascular disease, PVCs
and non-sustained VT are common and are associated to adverse events.12

VT and ventricular fibrillation/flutter (VF) can occur during acute coronary
syndromes (ACS), i.e. the blood flow in the vessels of the heart is reduced. In
patients with ACS and VT or VF, VT and VF are associated to substantially
higher risk of death within 90 days from occurring. Sustained VT and VF can
also occur in patients without ACS and then they are most often associated with
structural heart disease. The risk and predictors of VT in this patient group
depend on the type, severity, and duration of structural heart disease.12
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1.2 ARRHYTHMIA MONITORING IN CLINICAL SETTING

As described in the previous section, many cardiac arrhythmias can arise from
a structural heart disease, or have an impact on prognosis either in short- or
long-term. Therefore, knowing about the presence of an arrhythmia and the
type of arrhythmia is important and can be achieved by monitoring.

The standard method for cardiac arrhythmia monitoring is electrocardiogra-
phy (ECG), which measures the electrical activity of the heart from the body
surface with an attached set of electrodes. Figure 1.3 shows examples of typical
ECGs during normal sinus rhythm (a), AF (b,c), and AFL (d).

Figure 1.3: Examples of ECG signals during different rhythms (Reprinted by permission from
Springer Nature: Lip et al.,4© 2016).

1.2.1 Indications for monitoring

The need for and the duration of cardiac arrhythmia monitoring in clinical
settings depends on different factors, such as reason for hospital admission, type
of operation, and presence or lack of symptoms or complications. According
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to practice standards for ECG monitoring in hospital settings,13 there are four
rationales for arrhythmia monitoring:

1. Immediate recognition of sudden cardiac arrest to improve time to defibril-
lation.

2. To recognize deteriorating conditions that may lead to a life-threatening,
sustained arrhythmia.

3. To facilitate management of arrhythmias even if not immediately life-
threatening.

4. To facilitate diagnosis of arrhythmias or cause of symptoms and subse-
quently guide appropriate management.

The practice standards13 address mainly continuous ECG monitoring. Mon-
itoring should be performed for patients resuscitated from cardiac arrest or
unstable VT because of high risk of recurrent arrhythmia. The monitoring
should last until the implantation of an implantable cardiac defibrillator (ICD).
Patients who have already an ICD and have ICD shocks that require hospital
admission should have continuous ECG monitoring during their hospitalization.
Continuous ECG monitoring can be considered also for patients with PVCs
and non-sustained VT who do not have other indications for monitoring.

Continuous ECG will aid in diagnosis and management of unidentified
atrial arrhythmias. Patients should be on continuous ECG monitoring if they
are admitted for new onset or recurrent atrial arrhythmias, hemodynamically
unstable or symptomatic atrial arrhythmias, or if rate control for arrhythmias is
deemed necessary. Hemodynamically unstable arrhythmic conditions should
be also monitored until appropriate treatment. It is recommended that patients
with transcatheter interventions are monitored with continuous ECG to detect
arrhythmia, bundle branch block, and AV block.

Syncope, i.e. loss of consciousness and muscle strength, and stroke also cause
a potential need for ECG monitoring. Patients with syncope of unknown cause
and meeting admission criteria are recommended to have continuous ECG
monitoring. Patients with stroke, when there is suspicion of unknown cause
for stroke or occult AF, may have 24-48 hours or longer periods of monitoring.
Continuous ECG monitoring should be considered also for patients following
non-cardiac surgery due to the risk of AF.

1.2.2 Challenges in hospital monitoring

Many types of patients require arrhythmia monitoring in the hospital and
automated detection methods for cardiac arrhythmias have been developed
and incorporated in the monitors. In order not to miss any arrhythmia events,
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the algorithms in the monitors have very high sensitivity. This in turn leads
to a high rate of false positive alarms. A study showed that during a 31-day
period there were in total 12 671 audible alarms for six types of arrhythmia
and 88.8% of the alarms were false, the false positive rate per arrhythmia type
varying from 32.3% to 96.7%.14 On average the entire alarm burden of all
alarms was 187 alarms per bed per day.14 In another study, from 5386 critical
ECG arrhythmia alarms reviewed by multiple experts, 42.7% were found to
be false.15 For the five different arrhythmia types included in the study, the
false positive rates varied from 23.1% to 90.7%.15 In both of the studies, not
all the available ECG leads were used for arrhythmia analysis by the monitors
in clinical practice.14, 15

The implications of a large number of false alarms is that the high demand
of attention from nurses may delay the interventions when trying to recognize
the relevant alarms.16 In addition, the noise level can exceed 80 dB17 which
causes stress and fatigue.18 Although policy makers and clinicians bear a
significant responsibility in reducing alarm hazard, in a Scientific Statement
from American Heart Association technical development is called for from
monitor manufacturers to improve the situation.13

1.3 ARRHYTHMIA MONITORING IN DAILY LIFE

Remote telemetry monitoring was developed to enable ECG monitoring from
home for patients suspected with cardiac arrhythmia. Today, there is an avail-
ability of various devices, and the development over time has decreased the
size of devices and lead to a possibility for automatic arrhythmia detection and
wireless data transmission. These developments improve diagnostic yield and
efficacy and ease-of-use of the technologies.

1.3.1 Ambulatory monitoring tools

The concept of remote ECG monitoring and the first device for it was intro-
duced by Norman J. Holter, an American biophysicist, in the 1940s. The
original Holter monitor could record a single-lead ECG for several hours and
provided the method to record and analyze ambulatory ECG data outside
standard clinical setting. The system had the size of a backpack and had a reel-
to-reel frequency modulated tape recorder, analog patient interface electronics,
and large batteries.19

The modern Holter monitors are lightweight (200-300 grams) and small
in size. They use soft wire patient cables and standard wet gel electrodes
that are worn continuously, the recording period being traditionally 24 or
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48 hours, but some newer devices can record up to 30 days.20 The lead
configurations in Holters vary between 2-leads, 3-leads and 12-leads. There
can be several options for monitoring strategies with Holter monitor, e.g. 24h
monitoring every month, 24h every six months, or 24h monitoring in patients
reporting palpitations.21 Holter monitoring traditionally requires active patient
participation by keeping a diary about symptoms or recording them by pressing
a button.20

Wearable on-skin adhesive monitors, so called patch ECG monitors, have
embedded electrodes and come with wireless data transfer. They can record
continuously single- or 2-lead ECG up to 14 days. For recording symptoms,
patients can press a button.20

Event recorders are small, leadless devices that patients carry with them
and activate the measurement when they experience symptoms. The device is
applied to the chest and the electrodes on the back of the device record a brief
single-lead ECG recording, which is typically 90 seconds.22

Implantable loop recorders (ILRs) are devices that are subcutaneously in-
serted and intended for arrhythmia monitoring. They are leadless and record
single-lead ECG through 2 electrodes within the device and allow up to three
years of continuous monitoring. The device can either be triggered automati-
cally or by activation by the patient.19

1.3.2 Indications for monitoring

Ambulatory ECG monitoring is typically aimed at determining the cause of
symptoms such as dizziness, syncope, chest pain, palpitations, or shortness
of breath, because these may correlate with intermittent arrhythmias.20 To a
lesser extent, ambulatory monitoring can be used in patients at potential risk
of sudden cardiac death to identify PVCs or nonsustained VT.19 In addition,
monitoring is used to evaluate response of a patient to initiation, revision, or
discontinuation of arrhythmic drug therapy and to assess prognosis in specific
clinical contexts.20 In patients with suspected or known AF, it is important
to identify the occurrence of AF and a standard 12-lead ECG, which lasts 10
seconds, is not often sufficient to guide clinical management. Symptoms for
AF are frequently absent, especially in elderly patients, and the diagnosis needs
to be made based on ECG.4 Because AF can be paroxysmal, monitoring may
occur between arrhythmia episodes, and therefore prolonged monitoring can
be beneficial.

The duration and device chosen for monitoring depends largely on the fre-
quency of symptoms. For more infrequent events, longer term ECG monitoring
is needed. Understanding the correlation between symptoms and arrhythmias,
or the lack of it, is key. A typical clinical workflow may include ambulatory
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ECG monitoring from 24h up to 7 days, and if that is not successful, followed
by intermittent external loop recording that can last from weeks to months.
ILRs may be necessary for patients that remain undiagnosed after prolonged
long-term monitoring.20

1.3.3 Challenges with current tools

In asymptomatic patients or when arrhythmic events occur infrequently, pro-
longed monitoring up to several weeks or even months may be needed. Espe-
cially in the case of AF, several studies have shown that prolonged monitoring
increases the detection of AF.23–25 However, with external devices when used
for a longer period of time, poor tolerability to wire-electrode system and
adverse skin reactions cause challenges to patient compliance.20 Prolonged
Holter monitoring of 28 days was poorly tolerated in a pilot study.26

Patient activated event or loop recorders can be used for several weeks at a
time, which increases the monitoring duration compared to a Holter monitor
or an ECG patch, but by design the recording is intermittent and they do not
record asymptomatic events. In addition, the initiation of the arrhythmia and
short arrhythmias that terminate before the recording starts are missed.

For long-term monitoring, ILRs are well tolerated and require no cooperation
from the patient when the data transferring from home is automated. However,
they have a high initial cost and require significant resources to process the
recordings.21

1.3.4 From electrocardiography to photoplethysmography

In current ambulatory ECG monitoring the key points are 1) long-term mon-
itoring capabilities, 2) instant feedback, 3) simplicity, 4) every-day use, and
5) non-invasive nature.27 Continuous long-term monitoring increases the di-
agnostic yield, but as described in the previous section, electrodes can cause
skin irritation in long-term use which reduces patient compliance of external
monitors. Moreover, the implantable devices have a significant initial cost and
are semi-invasive which prevents them to be the first choice as monitoring
strategy.

A tool for continuous heart rate monitoring, which has been used in fitness
and activity monitoring, are wrist-worn wearables, such as smartwatches.
These are non-invasive, can give instant feedback, are simple to use on a
daily basis and therefore can be worn for long periods of time. Heart rate
monitoring with smartwatches is usually based on an unobtrusive measurement
modality called photoplethysmography (PPG).28–30 PPG is based on emitting
light to the skin with an light emitting diode (LED) and measuring the light
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Figure 1.4: Light-emitting diode (LED) and photodetector (PD) placement for transmission-
and reflectance-mode photoplethysmography (PPG); from Tamura et al.29

that is transmitted through or reflected back with a photodetector (Figure 1.4).
The principle of PPG is based on the different absorbtion rates by different
substances, such as pigments in the skin, bone, and arterial and venous blood,
when the light travels through biological tissue.29

Figure 1.5 shows an example of a PPG waveform with alternating current
(AC) and direct current (DC) components.29 The DC component represents
the reflected or transmitted optical signal from the tissue, which is influenced
by the structure of tissue and the average of arterial and venous blood, and
varies with respiration.29 Changes in the AC component depend on the blood
volume changes in the tissue between systolic and diastolic, i.e. contracting
and relaxation, phase in the cardiac cycle.29 Every pulse reflects a heart beat
and the fundamental frequency of the AC component, which is superimposed
onto the DC component, reflects heart rate.29 As individual heart beats can be
recognized, it is possible to calculate inter-beat intervals (IBI) from the PPG
signal that correspond to RR intervals obtained from ECG.

Especially for the detection of AF, which can be without symptoms and
paroxysmal, easy-to-use low-cost technologies could possibly increase diag-
nostic yield. Diagnosis of AF from ECG is based on complete irregularity of
the RR intervals and absence of P-waves, and fibrillation waves in the baseline
of ECG.4 Many automated methods for AF detection from ECG have been
developed over the years. These methods include assessment of RR interval
irregularity, assessment of RR interval irregularity and absence of P-waves,
and deep learning on ECG signals.

Irregularity of RR intervals for AF detection has been assessed by modeling
the RR interval series as a Markov process,31, 32 calculating coefficient of vari-
ation,33 by a rule based approach using deterministic automation,34 analyzing
Poincaré plots,35–38 and by extracting statistical, heart rate variability, and/or
entropy features.39–42 As the diagnosis of AF from ECG is based on both
RR irregularity and absence of P-waves, some methods have incorporated
an additional P-wave analysis to the irregularity assessment.32, 43, 44 This has
been especially beneficial for reducing false positive detections. The recent
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Figure 1.5: Variation light attenuation by tissue; from Tamura et al.29

developments towards approaches with deep learning have lead to AF detection
methods using deep neural networks with inputs, such as RR interval series,45

spectrograms,46 and raw ECG signals.47, 48

As ECG based methods assessing RR interval irregularity have been success-
ful in AF detection, and extracting information corresponding to RR intervals is
possible from PPG, exploring detection of AF from PPG creates an interesting
topic for research. At the time of starting this thesis work, promising results
in AF detection with PPG had been shown with smartphone-based applica-
tions that can measure PPG with a camera of a phone.49–51 However, these
applications only provide a snapshot and do not address the need for long-term
continuous monitoring solutions. In contrast, wrist-worn wearables can moni-
tor continuously and long-term. Over the years 2016-2019, there has been a
growing interest towards detecting AF with wrist-worn wearables measuring
PPG, and in addition to the work presented in this thesis, the final chapter
summarizes this development. Figure 1.6 illustrates a wrist-worn wearable
and PPG signals measured during different cardiac rhythms and movement
artifacts.
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Figure 1.6: Wrist-worn wearable and signals during different cardiac rhythms.

1.4 OBJECTIVE

The challenges in arrhythmia monitoring in clinical setting are from a tech-
nological perspective related to the high sensitivity of automated detection
methods for arrhythmias which cause a large number of false alarms. In daily
life, the challenges in long-term monitoring are related to the current devices
available for continuous monitoring: cost and invasiveness. The research work
in this thesis aims to study (1) whether the accuracy of arrhythmia detection in
clinical setting can be improved by adding information from pulsatile wave-
forms to ECG, and (2) whether in daily life photoplethysmography can be used
for arrhythmia monitoring.

1.5 OUTLINE OF THE THESIS

This thesis is subdivided into two parts: Part I - Monitoring in clinical setting
and Part II - Monitoring in daily life.

Part I The focus in this part is on the monitoring and analysis of data
recorded in the hospital. Chapter 2 addresses the issue of excessive number of
false alarms for life-threatening arrhythmias in intensive care. An approach is
presented that utilizes both ECG data and available measurements of arterial
blood pressure and/or PPG to select the best quality signal for arrhythmia
detection. The selected measurements are then used as input to a machine
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learning algorithm to classify occurred cardiac arrhythmia alarms as either
true or false, leading to reduction of false alarms and still maintaining high
sensitivity.

The following chapter (Chapter 3) proceeds from intensive care to measuring
patients undergoing elective cardioversion as treatment for AF. With the aim of
AF detection from wrist-worn PPG, this data was used to extract IBI features
for AF detection and the results of this method were assessed also with data
coming from daily life. This chapter shows that methods developed in relatively
controlled hospital settings are not necessarily generalizable to a daily life
setting.

Part II After the comparison between hospital setting and daily life, Part II
focuses solely on measurements in daily life. First in Chapter 4, the challenge
of movement artifacts in wrist-worn PPG is approached by using accelerometer
data for defining which data segments of PPG are used for AF detection. The
accuracy of AF detection between ECG and PPG is compared by varying the
threshold for the movement level assessed with the accelerometer data. The
results show that with the same detection method, AF detection with PPG
obtains similar results to ECG when enough data affected by movement are
discarded.

The aim in Chapter 5 is to study if by extracting information from IBIs,
PPG waveform and accelerometer, the detection could be extended to multiple
rhythms and less data could be discarded compared to Chapter 4 while still
maintaining similar accuracy. A multi-rhythm classifier is presented that
classifies AF, AFL, and sinus rhythm accompanied with or without premature
contractions with high accuracy in daily life.

In Chapter 6, the attention is beyond arrhythmia detection. A novel feature
to assess force-interval relationship, a phenomenon present during irregularity
and reflecting contractility of the heart, from PPG data is presented. This
relationship is altered in failing hearts compared to non-failing hearts, and new
biomarkers from wrist-worn PPG could be valuable, especially when AF and
heart failure coexist.

The thesis is concluded with Chapter 7 that provides an overview of the
development during the years of the thesis work in using wrist-worn wearables
measuring PPG for detecting AF and discusses the research and contributions
of this thesis work. In addition, the future prospects in arrhythmia monitoring
are discussed.
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2
REDUCING FALSE ALARMS

Abstract - In this chapter, an algorithm is proposed that classifies whether a generated
cardiac arrhythmia alarm is true or false. The large number of false alarms in intensive
care is a severe issue. The noise peaks caused by alarms can be high and in a noisy
environment nurses can experience stress and fatigue. In addition, patient safety is
compromised because reaction time of the caregivers to true alarms is reduced. The
data for the algorithm development consisted of records of electrocardiogram (ECG),
arterial blood pressure (ABP), and photoplethysmogram (PPG) signals in which
an alarm for either asystole, extreme bradycardia, extreme tachycardia, ventricular
fibrillation or flutter, or ventricular tachycardia occurs. First, heart beats are extracted
from every signal. Next, the algorithm selects the most reliable signal pair from the
available signals by comparing how well the detected beats match between different
signals based on F1-score and selecting the best match. From the selected signal pair,
arrhythmia specific features, such as heart rate features and Spectral Purity Index
(SPI) are computed for the alarm classification. The classification is performed with
five separate Random Forest models. In addition, information on the local noise level
of the selected ECG lead is added to the classification. The algorithm was trained and
evaluated with the PhysioNet/Computing in Cardiology Challenge 2015 data set. In
the test set the overall true positive rates were 93 and 95 % and true negative rates
80 and 83 %, respectively for events with no information and events with information
after the alarm. The overall challenge scores were 77.39 and 81.58.

Based on: L.M Eerikäinen, J. Vanschoren, M.J. Rooijakkers, R. Vullings, H.M. de Morree,
R.M. Aarts,“Reduction of false arrhythmia alarms using signal selection and machine
learning”, Physiol. Meas., vol. 37, No. 8, 2016, ©Institute of Physics and Engineering in
Medicine, 2016.
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2.1 INTRODUCTION

T HE number of false alarms in intensive care units (ICUs) have been re-
ported to be 40–86 %.525354 The noise level in intensive care is high and

alarms may reach a noise peak that exceeds 80 dB.17 Noise can cause stress
and fatigue to the nursing staff.18 In addition, patient safety is compromised
because the excessive number of alarms affects the reaction time of caregivers
to respond.55

The problem of false arrhythmia alarm reduction has been approached with
various strategies. These approaches can be roughly divided into filtering meth-
ods, signal quality assessment, multi-parametric analysis, machine learning
approaches, or combinations of the previous.

The filtering methods aim to suppress the variation and outliers in the signal
that may cause the false alarms. Proposed methods include median filtering,56

statistical signal filtering,57 and model-based filtering.58

A signal quality assessment of electrocardiogram (ECG) by combining sev-
eral signal quality indices (SQIs) was proposed by Behar et al.59 to suppress
false cardiac arrhythmia alarms. Different SQIs were combined with machine
learning methods. Clifford et al.60 evaluated first the quality of arterial blood
pressure (ABP) to either suppress an alarm directly or to use additional infor-
mation from the ABP signal for the decision if the alarm should be suppressed.
Aboukhalil et al.15 evaluated both timing and signal abnormality information
from ABP to suppress false ECG arrhythmia alarms. Instead of ABP, Desh-
mane61 used signal quality and onset information of photoplethysmograms
(PPG).

The assessment of signal quality also has an important role in multi-parameter
approaches. Li et al.62 estimated heart rate (HR) by fusing ECG, ABP, and
PPG, and using SQIs and a Kalman filter. HR features were then used for
deciding whether an alarm should be suppressed. Optionally, authors used
SQIs and several other features from the signals with machine learning to
suppress the false alarms.

The PhysioNet/Computing in Cardiology Challenge 2015 (the Challenge)63

provided an open data set with ECG, ABP, PPG, and respiratory data from
intensive care inviting competitors to develop algorithms to reduce false ar-
rhythmia alarms for five life-threatening arrhythmia types: asystole (ASY),
extreme bradycardia (EBR), extreme tachycardia (ETC), ventricular tachycar-
dia (VTA), and ventricular flutter or fibrillation (VFB). The data consists of
750 records for the training set and 500 records for the unrevealed test set. Both
in training and test set, half of the records are 5 minutes long and the other half
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contains an additional 30 seconds after the alarm. In every record, the alarm
occurs at 5 minutes from the beginning of the record. Every record contains
3–4 signals of which two are always ECG leads. The additional signals are
either or both ABP and PPG signals, and in some cases a respiratory signal.

Many of the well-performing algorithms the Challenge had signal quality or
noise level assessment implemented in them.64656667 Plesinger et al.68 used
testing of regular heart activity in multiple signals, and if no regular activity
was detected, specific arrhythmia test was performed. Fallet et al.69 had an
approach based on robust HR estimation and Spectral Purity Index (SPI). In
addition, machine learning approaches were presented by Hoog Antink and
Leonhardt70 and Kalidas and Tamil.71

The algorithm presented here compares the detected heart beats from ECG,
ABP, and PPG signals, and selects which combination of two signals is the
most reliable. The estimation of the reliability of this signal pair is based on
the F1-score72 of the beats that are detected simultaneously in the two signals.
The F1-score is a measure combining sensitivity and precision and giving both
an equal weight. After selecting the signal pair, arrhythmia specific features
are computed from both signals. The features consist of HR features and SPI
features. In addition, the algorithm uses the F1-score as a quality feature for
the classification. The classification between true and false alarms is performed
with five separate Random Forest classifiers, one for each arrhythmia type. The
performance is compared between two sets of features: having the the F1-score
as only quality feature and when adding local noise level around R-peaks as an
additional feature.

2.2 METHODS

The overall flowchart of our alarm reduction algorithm is presented in Fig. 2.1.
In this section we will first describe the beat detection from ECG and pulsatile
signals (2.2.1) followed by the signal selection (2.2.2). Next, the feature
computation from the selected signal pair is described in section (2.2.3). Finally,
classification and performance evaluation are presented in sections (2.2.4) and
(2.2.5), respectively.

2.2.1 Beat detection

The first step of our algorithm is to detect heart beats from ECG and pulsatile
signals. Before the beat detection, the signals were downsampled from 250 Hz
to 125 Hz.
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Figure 2.1: Flowchart of the algorithm.

2.2.1.1 ECG beat detection

The beat detection from ECG is performed with a low-complexity R-peak
detector.73 First, in a preprocessing stage, the ECG is convoluted with a
Mexican hat wavelet. The absolute value of the convoluted signal produces an
output S from which the R-peaks are detected. The absolute value enables the
use of a single threshold and suits for our case where the lead of the ECG is
unknown.

The detection of R-peaks is executed in an iterative fashion in four stages:
segment selection, threshold determination, peak detection, and signal-to-noise
ratio (SNR) estimation. The segment for R-peak detection is selected in such a
fashion that only one QRS complex is expected in the segment. The limits for
the segment are based on the position of the previously detected R-peak and
on the assumption that the heart rate is in the range of 32-210 beats per minute
(bpm).

The threshold for every R-peak detection is determined by the previous
threshold, Tprev, and a new threshold estimate, T̂ , following a first order
autoregressive process

T = α · T̂ + (1− α) ·Tprev, (2.1)

where α is a coefficient describing the dynamic behaviour of the threshold.
The value of α was set to the default value 1/3. The new threshold estimate,
T̂ , is the product of the maximum amplitude of the preprocessed signal, Smax,
and the local noise level estimate, Nl, in the signal segment.

The Nl is indicative of the local SNR and is scaled to the range of [0, 1]. For
the scaled noise level estimate, first an estimate of SNR is needed.

SNR is classically determined by

SNR = 10 · log10

(
Ps
Pn

)
, (2.2)

where Ps is the signal power and Pn is the noise power. For the purposes of
R-peak detection algorithm, Ps is defined as the power around the detected
R-peak p̂, S[p̂]2, and Pn as the maximal power N2

max in the segments between
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consecutive R-peaks. Nmax is the maximum of S in the segments before and
after the detected peak. Ps and Pn can now be replaced in Eq. (2.2) and
the power of 2 can be taken from the logarithm as a multiple in front of the
logarithm. In order to reduce the computational complexity of the function,
the decadic logarithm is replaced by a binary logarithm and a low-complexity
estimate of SNR is rewritten as

ŜNR = log2(S[p̂])− log2(Nmax). (2.3)

Except for a scaling factor, the low-complexity estimate of the function cor-
responds to its higher complexity equivalent, and ŜNR corresponds to signal
quality. The ŜNR is further scaled as the local noise level estimate

Nl = 6− ŜNR
8 , (2.4)

where a low value of Nl indicates the minimal noise level and Nl ≥ 6/8
indicates an ŜNR below 0 dB.

After determining the threshold, the first preprocessed sample crossing the
threshold is the peak position candidate. The peak position candidate is updated
if in the vicinity a sample with a higher amplitude is found. If no candidate
is found in the segment, two other iterations are performed with an extended
segment and lowered threshold. If after three iterations no R-peak is found, the
segment moves forward with 1 s.

2.2.1.2 Pulsatile signals beat detection

The pulse detection from the ABP and PPG was performed with an open-source
ABP pulse onset detection algorithm, wabp.74 The algorithm is available from
PhysioNet.63

The key concept of the algorithm is to transform the ABP waveform into
a slope sum function (SSF) signal. The purpose of the SSF is to enhance
the upslope of the waveform and suppress the remainder of the waveform.
Before the SSF transformation, the signal is low-pass filtered to suppress high
frequency noise that might affect the onset detection. The windowed and
weighted SSF, z, at time i is defined as

zi =
i∑

k=i−w
∆uk, ∆uk =

{
yk − yk−1 : yk − yk−1 > 0

0 : yk − yk−1 ≤ 0 (2.5)
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where w is the length of the window and yk the low-pass filtered ABP sig-
nal.74

The final step of the algorithm is to establish a decision rule for the detection
of each SSF pulse onset. This is done in two steps. First, adaptive thresholding
is applied to detect the SSF pulses that have appropriate amplitude. Second, a
search is employed locally around the detection point to confirm the detection
and to identify the likely onset of the pulse.

This algorithm is developed for ABP signals, but was used here for PPG
pulse onset detection as well. The scale of the PPG signal was adjusted to
correspond to the scale of an ABP signal before the pulse detection.

2.2.2 Signal selection

False alarms are usually caused by an artifact or a disturbance in the signal
that leads the physiological event the alarm is intended for, e.g. a flat signal
can be misinterpreted as an asystole event because no heart beats are detected.
Important in the false alarm reduction is to evaluate what is the quality of the
signals or how accurate the features obtained from the signals are. If we can be
certain that a feature, e.g. heart rate, is accurately measured, we can rely on
the decision based on this feature.

Accurate signal quality measures during arrhythmia are difficult to develop
and may not always work as desired. Behar et al.59 combined several ECG SQIs
for classifying ECG signal quality during arrhythmia. Their conclusion was
that SQIs should be developed separately for every arrhythmia and sufficient
data would be needed to develop classifiers for a quality classification.

In our previous work,75 the signals selected for the feature computation were
always one ECG lead and one pulsatile signal. However, there are cases where
both ECG signals or the available pulsatile signal or signals may be corrupted.
Figure 2.2 shows an example where both ECG leads are of bad quality, but
both pulsatile signals have good quality instead.

In the current approach, the aim is to select for the feature computation the
signal pair that has the most accurate beat detection on average. If a beat
is detected in several signals, the beat is likely to be a real beat. Since we
do not know beforehand in which of the signals the beats are detected most
accurately, we cannot determine which of the signals and the detected beats
in that signal are the reference. Therefore, measures such as sensitivity, also
called true positive rate (TPR), and precision are not adequate for our purpose.
They would produce two values per a signal pair because both signals would
be needed to be considered as a reference. Sensitivity and precision are defined
as
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Figure 2.2: An example of bad quality ECG signals when pulsatile signal are good. The red
circles indicate detected beats.

sensitivity = TP

TP + FN
, (2.6)

and

precision = TP

TP + FP
(2.7)

where TP are true positives, FP false positives, and FN false negatives.

We select to use a method based on F1-score to select the signal pair that
has the most beats detected in both signals simultaneously. The F1-score is a
harmonized mean between sensitivity and precision

F1 = 2 · sensitivity · precision
sensitivity + precision

. (2.8)

Inserting the equations (2.6) and (2.7) into (2.8) the F1-score can be computed
as

F1 = 2 ·TP
2 ·TP + FP + FN

. (2.9)

In the beat comparison, TPs are the beats detected both in the reference signal
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and in the signal that is compared. FPs are the beats detected in the compared
signal, but not in the reference signal, and FNs the beats detected in the
reference without detection in the compared signal. In a signal pair, when the
roles of the signals are changed having now the compared signal as a reference,
the number of FPs becomes the number of FNs and vice versa. Therefore,
F1-score gives one score for a signal pair that measures the agreement between
the detected beats in the signals and there is no need to select either of the
signals as a reference. When F1-score is 1, all the beats in both signals match
with each other, and when F1-score is 0, none of the beats match. In Figure 2.2
the F1-score between ABP and PPG is 1. Previously, F1-score has been used
as a signal quality measure for ECG by comparing beats detected with different
beat detectors from the same signal.76 In our case, the compared beats are from
different signal sources, i.e., ECG, ABP, and PPG.

Between the signals, two beats are considered as a match when they occur
within 100 ms from each other. ECG, ABP, and PPG are measured from differ-
ent locations of the body and are based on different measurement principles.
The information about a heart beat is not visible simultaneously. The beat
will be visible first in the ECG which is measured from the chest and the
hemodynamic response caused by the beat is visible later in ABP and then in
PPG. The delay between different signal types is compensated when finding
matching beats between ECG and ABP, ECG and PPG, and ABP and PPG.
The delay is computed as the mean delay from a period of 10 consecutive beats
when the standard deviation of the 10 consecutive delays is less than 5 % of
the mean delay. If such a period is not present in the signal then the delay is
not compensated.

F1-score is computed for every signal pair, excluding respiratory signals, in a
window before the alarm. The same window will be later used for the selected
pair for feature computation which will be explained in Section 2.2.3. Since
the length of the arrhythmia event before triggering an alarm varies depending
on type of arrhythmia, the window length was optimized for every arrhythmia
type separately. The optimized window lengths for different arrhythmia types
vary from 14 to 16 seconds.

Based on the F1-score, the most appropriate signal pair was selected for
the feature computation. The signal combination of ECG lead and a pulsatile
signal or both pulsatile signals with the greatest F1-score was selected for ASY,
if the F1-score was greater than zero, and for EBR and ETC if the F1-score
was greater than 0.5. Otherwise, the signal pair with the maximum F1-score
was selected. For VFB and VTA both ECG leads were always selected, and
F1-score was computed for the ECG pair.
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2.2.3 Feature computation

During arrhythmia the heart rate is not in the normal range or there are irreg-
ularities in the heart beats. For every arrhythmia, one or more features were
designed characterizing the arrhythmia based on the definition given in the
Challenge description.63

EBR and ETC are arrhythmias in which HR is either lower or higher than
normal. The features for these two arrhythmias were based on their definitions:
the minimum HR of five consecutive beats for EBR and maximum HR of 17
consecutive beats for ETC. During ASY there are no beats for at least four
seconds, which can be characterized by the maximum interval between two
consecutive beats.

In VFB the heart exhibits a rapid fibrillatory, flutter, or oscillatory waveform
for at least four seconds.63 VTA, on the other hand, is characterized by a
number of consecutive beats originating from the ventricles with an HR greater
than 100 bpm. Therefore, a measure based solely on heart rate or inter-beat
intervals is not sufficient for identifying the two arrhythmia.

Previously, good results for VFB and VTA classification have been reported
with Spectral Purity Index.69 The SPI was initially presented for electroen-
cephalogram (EEG) analysis as a dimensionless parameter between 0 and 1
reflecting the signal bandwidth.77 The parameter has the maximum value 1 for
a pure sine wave and diminishes as the bandwidth of the signal increases. The
SPI of a signal is defined as the ratio between the squared, running second-
order moment ω̄2, and the running total power ω̄0 and fourth-order moment
ω̄4,78

ΓSPI = ω̄2
2(n)

ω̄0(n)ω̄4(n) . (2.10)

The spectral moments were implemented in the time domain according to
Sörnmo and Laguna.78 As done in the approach of Fallet et al.,69 before
computing SPI, ECG signals were first downsampled to 35 Hz and smoothed
using a 5–sample moving average filter. The window length for estimation
of the spectral moments in the time domain was selected to be 4 s for VFB,
since the length of the fibrillatory waveform should be at least 4 s. For VTA,
the window length was 2 s. The SPI was then averaged in a 1-second window,
and the maximum and minimum of the averaged SPI in the window before the
alarm were calculated as features.

The arrhythmia specific features used in the classification are listed in Ta-
ble 2.1. The window length for computing the features varied between the
arrhythmias. For ASY and VFB the window was 14 s, for EBR 15 s, and
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for ETC and VTA 16 s before the alarm. Moreover, the F1-score used in the
signal selection was added to the feature sets which are given to the classifier
as an input. To evaluate whether the F1-score alone is a sufficient quality
feature for the classification, the feature sets for classification were created
with and without adding also the median local noise level Nl of the ECG (see
Eq. (2.4)).

Table 2.1: Features computed from the selected signal pair
Arrhythmia Features
ASY Maximum inter-beat interval
EBR Minimum heart rate of 5 consecutive beats
ETC Maximum heart rate of 17 consecutive beats
VFB Maximum SPI
VTA Maximum and minimum SPI, maximum heart rate

Two feature sets were created for every arrhythmia type with the above features:
one with adding F1-score and other adding both the F1-score and median Nl.

2.2.4 Classification

Our algorithm uses five different Random Forest classifiers, each trained for
one type of arrhythmia. The choice for the classifier was made after first
comparing a large number of classification algorithms. The Random Forests
performed overall the best and were therefore selected as the classifier for our
algorithm.

A Random Forest is a collection of a large number of tree-structured classi-
fiers in which every tree in the classifier casts a unit vote for the most popular
class. The trees in the Random Forest are grown by selecting randomly the in-
puts or combinations of inputs at each node of the tree to determine the split.79

Single-tree approaches have been presented previously with good results for
integrating multiple signals for artifact detection in neonatal ICU80 and patient
specific alarming models.81 A binary classification tree was used also in the
Challenge entry of Hoog Antink and Leonhardt.70

The classification accuracy improves when instead of having a single tree
more trees form an ensemble.79 Random Forests have been previously pre-
sented in an alarm classification setting as an analogy to a statistical hypothesis
test for "situation is alarm relevant" vs. "situation is not alarm relevant".82

Several physiological measures were given as an input to the Random Forest
and the rate of false alarms was reduced by 45 to 30 % on average. In our
approach, we use fewer and more event targeted features as inputs for the
Random Forest.

In the final algorithm, the records with F1-score zero are assigned directly as
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false alarms and are not classified with the Random Forest. Therefore, before
training the models, feature vectors for records having F1-score zero were
removed from the training set. In total 24 records of false alarms and one true
alarm were removed. In addition, the ETC record ’t409l’, labeled as a false
alarm was removed from the training set. In the record, both pulsatile signals
had clear recognizable beats that matched completely with each other and the
HR was 157-158 bpm for at least 17 consecutive beats, therefore this alarm
was assumed to be true.

The classifiers were tested both with 100 and 500 trees. Asystole was the
only arrhythmia type for which the performance in the training set improved
when increasing the number of trees to 500, and therefore the asystole classifier
was selected to consist of 500 trees. The remaining four classifiers consist of
100 trees, since the performance did not improve by adding more trees.

For nearly all the arrhythmia types, the distribution between the two classes,
i.e. true and false alarms, was skewed. To balance the class distribution, the
classifiers were trained using a cost matrix C,

C =
(

0 Atrue
Afalse

5 0

)
, if Atrue ≥ Afalse

and

C =
(

0 1
5 · Afalse

Atrue
0

)
, if Atrue < Afalse

whereAtrue is the number of true alarms andAfalse the number of false alarms
in the training set. C(1,2) is the penalty given for a misclassified false alarm
and C(2,1) the penalty given for a misclassified true alarm. Misclassification
of true alarms is a more severe error than misclassification of false alarms. The
multiple five was adopted from the automated score computed by the Challenge
test system, which is defined in Section (2.2.5). In the data set for VFB, there
were only 6 true alarms compared to 52 false alarms. Hence, for the classifier
for VFB, including the multiple of five would have increased the weight too
much and was therefore omitted.

2.2.5 Performance evaluation

The performance of the algorithm was evaluated with three different measures:
true positive rate (TPR) or sensitivity defined in Eq. (2.6), true negative rate
(TNR), and a Challenge score which is a weighted accuracy. The TNR and the
score are computed as
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TNR = TN

TN + FP
(2.11)

and

score = 100 · (TP + TN)
TP + TN + FP + 5 ·FN

. (2.12)

In the training set, the estimates for the performance measures were produced
with k-fold cross-validation. The number of sets k was set to 10 when there
were more than 10 samples in the smaller class. Otherwise, k was set to the
size of the smaller class to ensure that there was at least one sample from both
of the classes. The k sets were generated in a way that the class distribution in
every set represents the class distribution of the training set. For the unrevealed
test set, the performance measures were computed by the scoring system.

The algorithm was implemented and evaluated in Matlab 2014b (The Math-
Works Inc., Natick, MA).

2.3 RESULTS

The results for the algorithm are listed in Table 2.2. On the left are the results
without using information about the median Nl around the R-peaks in ECG
and on the right when information about the Nl is added.

Table 2.2: Results without / with local noise level
Arrhythmia Training set Test set

TPR TNR Score TPR TNR Score
ASY 90 / 90 89 / 90 85.72 / 86.63 83 / 89 97 / 98 88.62 / 92.02
EBR 95 / 93 85 / 83 85.00 / 80.46 92 / 92 72 / 72 71.56 / 71.56
ETC 98 / 98 88 / 88 93.35 / 91.33 100 / 100 0 / 80 95.50 / 99.10
VFB 83 / 67 94 / 94 88.58 / 83.11 89 / 78 73 / 96 70.79 / 81.82
VTA 86 / 89 66 / 63 62.57 / 63.14 84 / 88 75 / 71 67.56 / 68.14
Real-time - - - 92 / 93 78 / 80 75.00 / 77.39
Retrospective - - - 93 / 95 84 / 83 79.20 / 81.58

The higher score between the two feature combinations is written in bold.

In the training set, adding the local noise level improved the results for two
arrhythmia types: ASY and VTA. With the best performing feature combina-
tions, scores of 85 or higher were achieved for all the arrhythmias except VTA.
The TPRs were 83–98 % and the TNRs 63–94 %.

The best results in the test set were achieved when the local noise level was
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added to the features, except for EBR where no change occurred. The overall
TPRs were 93 and 95 % depending on whether the test set was real-time or
when additional retrospective data after the alarm was included. The overall
TNRs were 80 and 83 % and the scores 77.39 and 81.58 for real-time and
retrospective data, respectively.

The best TPR was for ETC and was 100 %, i.e., no true alarms were missed.
The TNR for ETC was 80 %. In the set there were 5 false alarms,63 which
means that all except one false alarm were suppressed. The best TNR (98 %)
was for ASY. Based on the overall score, the performance in alarm classification
was the best for ETC and then for ASY. The worst performance was for VTA
both in the training and test set.

2.4 DISCUSSION AND CONCLUSION

In this chapter, an alarm classification algorithm was presented based on a
signal comparison and selection with F1-score, computation of arrhythmia
relevant features, and a classification with Random Forest classifiers. The signal
selection based on F1-score does not use any signal specific quality information.
The F1-score gives a value that represents how well beats detected in the signals
are in agreement with each other. Therefore, F1-score provides a means to
quantify the reliability of features based on detected beats in two signals. This
is in contrast to other methods that rely on signal quality estimation of single
signals. Different beat detectors may perform differently in the presence of
different types of noise and an SQI does not necessarily include the information
on how reliable the beat detection is.

The alarm classification when having only F1-score as a quality measure
gave relatively good results. The overall TPR was 92 % and overall score
75.00. When both F1-score and the median local noise level were used as
quality indicators, the overall score increased to 77.39 and overall TPR of the
algorithm was 93% in real-time events. This TPR is nearly as good as the
best TPR achieved (94 %) with the same test set in the Challenge (September
2015).63 Misclassifying a true alarm as a false alarm is more severe than not
suppressing a false alarm. From a clinical point of view the TPRs should be
further increased for alarm suppression algorithms. The score computed for
overall comparison of the algorithms weighted misclassified true alarms five
times more severe than misclassified false alarms. A higher weight for false
negative classifications in the evaluation score could be also considered.

Interestingly, for bradycardia the results remained the same independent of
the addition of the local noise level. Moreover, the results are poorer in the
test set. Looking at the results in the Challenge, Krasteva et al.66 had the best
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reported score (93.81) for bradycardia alarm classification in the test set. This
score was achieved by including features from both ECG and from pulsatile
signals in the classification. Their results were better in the test set than in the
training set. They also report a relatively large decrease in performance in the
test set compared to the training set when only ECG based features are used.
This could indicate that ECG based features are not sufficient for accurate
classification of bradycardia alarms and that there might be information in the
pulsatile signals that is better represented in the test set than in the training
set. Adding a feature from pulsatile signals could improve the classification of
bradycardia alarms.

For three arrhythmia types, the results improved when the performance was
evaluated on the hidden test set. Usually, the results in the training set are
better because classifiers are optimized for the training data. This suggests that
the training set might not represent the test set completely and the data of the
test set might be less noisy. Moreover, the amount of data particularly for VFB
and ETC was very small in one of the classes, containing only 8 ETC false
alarms and 6 VFB true alarms.63 Increasing the amount of data could help in
producing more robust solutions.

A system with a hidden test data for evaluating the algorithm performances
enables a consistent and an objective way to compare different solutions. Using
a closed system, however, has also its limitations. Further analysis of the results
remains limited because the cases where the algorithm fails in the test set cannot
be seen and the differences in data between training and test set cannot be
analyzed. In addition, the complete information how the results are produced
is not available. Some of the scores given by the system do not seem to comply
with the number of false and true alarms reported in63 if the scores are simply
calculated according to the Eq. (2.8). The cause for this discrepancy remains
unknown.

The classification model was selected as the Random Forest for all the ar-
rhythmias. In the solution of Hoog Antink and Leonhardt70 different machine
learning techniques were used depending on the arrhythmia. In their approach,
very different strategies depending on arrhythmia provided an optimal solu-
tion. The performance of our algorithm could be improved by optimizing the
selection of the classifier for every type of arrhythmia separately.

The number of false alarms was 61 % and 69 % in the training and test
set, respectively. The distribution of false and true alarms varies between
arrhythmia types, but for four out of five types the number of false alarms was
greater than the number of true alarms. The data is collected from monitors
from three different manufactures and from four different hospitals in USA
and Europe.63 Hence, the data does not represent one particular manufacturer
or hospital, but a more general situation. There is a need for alarm reduction
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algorithms, and our algorithm based on signal selection from multiple signals
and alarm classification by machine learning provides promising results. Fur-
ther improvements can be made by possibly adding features and selecting the
classifiers for every arrhythmia separately.
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Abstract - Atrial fibrillation (AF) is the most commonly experienced sustained ar-
rhythmia, and it increases risks of stroke and congestive heart failure. Unobtrusive
wearable solutions with photoplethysmography (PPG) have been proposed for AF
detection and the performance has been mainly evaluated for short-term measurements
in controlled measurement settings. In this study, we evaluate the predictive value of
features from PPG for AF detection under both hospital and free-living conditions.
PPG from the wrist was measured from 18 patients before and after cardioversion and
from 16 patients (4 with 100% AF) for 24 hours. Single-lead ECG and 24-hour Holter
were used respectively as gold standards. Six PPG-based inter-beat interval (IBI) vari-
ability and irregularity features were computed in three different sliding time windows.
Thresholds for AF classification for every individual feature were determined with the
data from the hospital conditions and tested with the measurements from free-living
conditions. Overall, the best classification results were obtained by using a 120-s
window, pNN40 resulting as the best feature. On average, the sensitivity was higher in
the hospital conditions (92.3% vs. 71.6%) and the specificity higher in the free-living
conditions (60.7% vs. 84.9%). In conclusion, testing the classification perfomance in
free-living conditions is essential to properly evaluate AF detection models.

Based on: L.M. Eerikäinen, L. Dekker, A.G. Bonomi, R. Vullings, F. Schipper, J. Margarito,
H.M. de Morree, R.M. Aarts, “Validating Features for Atrial Fibrillation Detection from
Photoplethysmogram under Hospital and Free-living Conditions”, Computing in Cardiology,
2017, Creative Commons Attribution 4.0 License.
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3.1 INTRODUCTION

A TRIAL fibrillation (AF) is the most commonly experienced sustained
arrhythmia and its prevalence increases with age. The arrhythmia in-

creases the risk of stroke to five-fold and the risk of congestive heart failure
to three-fold.83 Early diagnosis of AF has a great importance, especially for
the prevention of stroke. However, AF can be asymptomatic and therefore can
remain undiagnosed. For detecting paroxysmal events, long-term or frequent
monitoring is needed.

A measurement technique suitable for unobtrusive long-term monitoring is
photoplethysmography (PPG). PPG is an optical measurement, which records
blood volume changes in the vascular bed of the tissue, enabling extraction of
cardiovascular parameters, such as heart rate.

PPG-based solutions intended eventually for long-term monitoring purposes
have been proposed for AF detection based on features determining the irreg-
ularity or variability of the inter-beat intervals (IBIs).49, 84, 85 However, the
results in these studies have been reported only on short-term recordings up
to 10 minutes. We previously showed that a Markov model could predict
AF in free-living conditions using PPG data.86 During continuous long-term
monitoring the measurements are more prone to noise and the feature values
might be less accurate compared to the short-term setting. In addition, different
solutions are using different time windows for the feature computation. Here,
we evaluate the most common irregularity and variability features for IBIs with
three different window lengths, in both a hospital condition before and after
an electrical cardioversion procedure, and in a free-living condition during
24-hour measurements.

3.2 DATA

The data for the study were recorded in two different settings in Eindhoven, the
Netherlands: before and after an electrical cardioversion (CV) procedure in the
hospital and in 24-hour measurements in free-living conditions. The study was
approved by the local medical ethical committee and every patient provided
written informed consent before participating. An overview of the datasets
is presented in Table 3.1. During 24-hour measurements, patients either had
100% AF (4 patients) or no AF.
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Table 3.1: Datasets

Number Males Age (y) Total rec. Total rec.
of (%) (m ± sd) length, non-AF length, AF

patients (hh:mm) (hh:mm)
CV 18 56 75 ± 11 13:41 16:26
24h 16 63 65 ± 14 298:32 89:57

3.2.1 Measurements in hospital conditions

The measurements in hospital conditions were performed in the department
where patients are treated with electrical cardioversion. 20 patients assigned
for AF treatment were included in this part of the study. The patients were
measured approximately one hour before and one hour after the procedure with
PPG and accelerometer sensors at the wrist with a data logging device equipped
with the Philips Cardio and Motion Monitoring Module (CM3 Generation-3,
Wearable Sensing Technologies, Philips, Eindhoven). As a reference, a single-
lead electrocardiogram (ECG) was measured from the chest with Actiwave
Cardio (CamNtech Ltd., Cambridge, United Kingdom). At the beginning
and at the end of the recording a synchronization protocol was performed by
shaking both devices simultaneously.

The rhythm before and after the procedure was evaluated by a clinical expert
by looking at the ECG. Figure 3.1 shows an example of 30 s of PPG signal
and corresponding IBIs before and after the cardioversion. Two patients with
unsuccessful cardioversion were excluded from further analysis to include
only patients with both AF and regular rhythm. Baseline characteristics and
medication information of the patients were collected afterwards from the
patient record.

3.2.2 Measurements in free-living conditions

The measurements in free-living conditions were performed in 16 patients
assigned for a 24-hour Holter examination. PPG and accelerometer data were
measured at the non-dominant wrist with the same wrist-wearable device as in
the hospital conditions. The ECG was recorded with a 12-lead Holter monitor
(H12+, Mortara, Milwaukee, WI, USA). The Holter monitor was attached first
to the patient by following normal hospital procedures and a synchronization
protocol was performed by tapping the wrist-wearable device and pressing the
event button on the Holter simultaneously. The same procedure was performed
when the patient arrived at the hospital the following day to return the devices.
During the measurement period, patients were keeping a diary of their activities,
complaints, and medication. The diary was handed in at the time when the
measurement ended.
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Figure 3.1: 30-s segments of PPG and corresponding IBIs before the cardioversion (above) and
after the cardioversion (below) for a representative patient.

The ECG recordings were analyzed by trained analysts, supported by soft-
ware (Veritas, Mortara, Milwaukee, WI, USA) that automatically detects the
time and type of the beat. Every heart beat in the ECG was labelled either
as sinus rhythm, AF, premature supraventricular or ventricular contraction,
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artifact, or unknown. The output of the software was verified or corrected
by the analysts. In addition, baseline characteristics and medication intake
information were collected.

3.3 METHODS

The goal of the analysis was to compare features describing irregularity or
variability of IBIs and the ability of the features to classify the rhythm as AF
and non-AF in the measurement settings described in Section 3.2. Before
starting the feature computation, the PPG was filtered with a 0.3 Hz high-pass
filter and a 5 Hz low-pass filter. Heart beats were detected from the PPG pulses
and after the pulse extraction, the beat information in PPG and ECG were
aligned. The IBIs from PPG were computed as time differences between two
consecutive pulses.

3.3.1 Features

For feature computation, outlier removal was made based on IBI length and
IBIs < 200 ms and > 2200 ms were discarded. The features expressing
variability or irregularity of the IBI sequence studied were Root Mean Square
of Successive Differences (RMSSD), Shannon Entropy (ShE), the percentage
of interval differences of successive intervals greater than 40 ms (pNN40) and
greater than 70 ms (pNN70), and Sample Entropy (SampEn). 40 ms and 70
ms were selected based on Corino et al.85 where the combination of the two
features was found to be the most discriminative feature combination for AF.

ShE is a measure that has been successfully used to quantify the irregularity of
IBI sequences during AF.39, 49 For calculating the entropy, first the probability
distribution of the IBIs is computed assigning the intervals to fixed number of
bins with equal size. The probablity of the IBI to fall in the bin i is

p(i) =
n(i)

l − noutliers
, (3.1)

where n(i) is the number of IBIs that fall in the bin i, l the total number of IBIs
in the window, and noutliers the number of IBIs considered as outliers. When
the probabilities for every bin are known, ShE is

ShE = −
N∑
i=1

p(i) log(p(i))
log(N) . (3.2)

N is the number of bins and was selected to be N = 16, which is the minimum
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number of bins to obtain a reasonable accuracy.39

SampEn evaluates similar patterns in the time series and a lower value
indicates more self-similarity in the time series. In detail, SampEn is the
negative natural logarithm of the conditional probability that two sequences
similar to each other at m points are similar also at m+ 1 points. SampEn was
computed according to87

SampEn = −ln(A/B) = −ln(A) + ln(B), (3.3)

where A is the number of similar sequences of length m+ 1 and B the number
of similar sequences of length m within tolerance r. Two SampEn features
were generated by setting m equal to 1 and 2 (SampEn1 and SampEn2), and r
equal to 0.25 times the standard deviation of the series as in.85

The features were computed in three different window lengths: 30 s, 60 s,
and 120 s, by sliding with 30 s.

3.3.2 Performance metrics

The statistical measures used to assess the predictive value of the features
were sensitivity (Sens = TP/(TP+FN)), specificity (Spec = TN/(TN+FP)), and
accuracy (Acc = (TP+TN)/(TP+FP+TN+FN)), where TP is the number of true
positives, TN true negatives, FP false positives, and FN false negatives.

3.3.3 Cross-validation

The measurements in the hospital conditions were considered to be more
controlled because of their shorter duration and the patients were in supine
position during the entire measurement period. Therefore, the hospital dataset
was used as a training set for defining the thresholds for every individual feature
for every window length. This was done with a stratified leave-one-out cross-
validation. One patient was held as a test data and the set of remaining patients
was used to define the threshold which would give an optimum cut-off point
on the receiver operating characteristic curve according to Youden index. The
procedure was repeated 18 times leaving each patient for testing one time.

The classification to AF and non-AF in the free-living conditions was based
on the thresholds defined with the dataset in the hospital conditions. The mean
of the thresholds of the cross-validation were selected as the final ones for
every feature and window length.
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3.4 RESULTS

Table 3.2: Sensitivity and specificity in the hospital

Feature 30 s 60 s 120 s
Sens Spec Sens Spec Sens Spec

ShE 89.1 54.3 89.1 53.9 88.9 54.5
RMSSD 88.2 44.7 87.9 44.9 88.5 44.2
pNN40 93.5 64.6 94.7 63.9 97.1 66.0
pNN70 91.1 61.1 95.7 59.4 93.9 60.2
SampEn1 86.1 63.6 85.4 68.3 93.2 67.4
SampEn2 88.0 57.5 89.2 66.4 92.3 71.7
Mean 89.3 57.7 90.3 59.5 92.3 60.7

The sensitivity and specificity of the AF classification in the hospital condi-
tions for every window length are presented as mean values over all patients
in Table 3.2 and accuracy is presented in Table 3.3. The standard deviation
for sensitivity varied between 5.5–25.7%, for specificity between 17.5–41.5%,
and for accuracy between 11.4–19.7%. The highest sensitivity (97.1%) and the
highest accuracy (83.8%) were obtained with pNN40 and the highest specificity
was with SampEn2 (71.7%) with a 120-s window.

Table 3.3: Accuracy in the hospital conditions

Feature 30 s 60 s 120 s
ShE 73.4 73.2 73.4
RMSSD 68.4 68.4 68.4
pNN40 83.8 81.5 83.8
pNN70 80.7 79.9 79.1
SampEn1 75.3 76.4 80.9
SampEn2 74.7 77.8 82.3
Mean 76.1 76.2 78.0

The results for the free-living conditions were calculated only in terms of
sensitivity and specificity, and are listed in Table 3.4. The standard deviations
for sensitivity ranged between 9.5–13.8% and for specificity 2.8–13.3%. The
highest sensitivities were obtained with a 120-s window and were similar for
all the features ranging from 69.0% to 72.7%. pNN40 was the feature with
the highest specificity (94.3%). Accuracy was not computed due to having
only four patients with AF and 12 without AF in the dataset. The accuracies
would not be comparable to the accuracies in the hospital dataset which is
more balanced.
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Table 3.4: Sensitivity and specificity in free-living

Feature 30 s 60 s 120 s
Sens Spec Sens Spec Sens Spec

ShE 40.0 96.1 60.5 92.5 72.3 89.3
RMSSD 40.0 87.8 60.3 82.8 72.4 78.7
pNN40 40.1 96.5 60.3 95.1 72.3 94.3
pNN70 40.3 96.3 60.7 93.8 72.7 93.1
SampEn1 37.7 78.0 57.1 78.9 70.7 76.5
SampEn2 35.9 73.7 55.7 76.1 69.0 77.6
Mean 39.0 88.1 59.1 86.5 71.6 84.9

3.5 DISCUSSION

This is the first study evaluating features for variability and irregularity of IBIs
both in hospital and free-living measurement conditions. When comparing
the sensitivity and specificity, the results showed a difference between the two
conditions. On average, e.g. with 120-s window length, the sensitivity was
higher in the hospital conditions (92.3%) compared to the free-living conditions
(71.6%). The specificity, on the contrary, was higher in free-living (84.9%)
than in the hospital (60.7%).

In addition to different measurement conditions, the different patient profiles
might cause differences in the performance. In hospital conditions, after the
electrical cardioversion there might still be irregularities, such as premature
contractions, present in the rhythm. Five patients experienced a large number
of irregulaties after the procedure which explains the low mean specificity
and the high standard deviation of specificity (up to 41.5%). In free-living
conditions, the density of premature contractions was lower on average which
might explain the higher specificity.

The thresholds for the features were trained with the data recorded in the
hospital. A large amount of irregularities in the non-AF group in the data set
might have caused the thresholds to be higher than optimal thresholds for the
free-living conditions causing the sensitivity to drop.

In free-living conditions, sensitivity improved significantly when increasing
the window length. Specificity did decrease, but to a smaller extent. This
indicates that a longer window length gives better classification results. This
was expected, because the type of features used in this study become more
reliable with more data. Interestingly, in the hospital conditions the window
length did not seem to influence significantly the classification performance.
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3.6 CONCLUSION

The classification performance of the PPG-derived features changed between
the hospital and free-living conditions. Thus, testing the classification perfor-
mance in free-living conditions is essential to properly evaluate AF detection
models.
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COMPARISON BETWEEN ECG

AND PPG
Abstract - Background: Atrial fibrillation (AF) is the most commonly experienced
arrhythmia and it increases the risk of stroke and heart failure. The challenge in
detecting the presence of AF is the occasional and asymptomatic manifestation of the
condition. Long-term monitoring can increase the sensitivity of detecting intermittent
AF episodes, however that being either cumbersome or invasive and costly with elec-
trocardiography (ECG). Photoplethysmography (PPG) is an unobtrusive measuring
modality enabling heart rate monitoring, and promising results have been presented
in detecting AF. However, there is still limited knowledge about the applicability of
the PPG solutions in free-living conditions. Methods: In this study, we compared
inter-beat interval derived features for AF detection between ECG and wrist-worn
PPG. The data consisted of 24-hour ECG, PPG, and accelerometer measurements
from 27 patients (8 AF, 19 non-AF). In total, seven features (Shannon entropy, Root
Mean Square of Successive Differences (RMSSD), normalized RMSSD, pNN40, pNN70,
sample entropy, and coefficient of sample entropy (CoSEn)) were compared. Body
movement was measured with the accelerometer and used with three different thresh-
olds to exclude PPG segments affected by movement. Results: CoSEn resulted as
the best performing feature from ECG with Cohen’s kappa 0.95. When the strictest
movement threshold was applied, the same performance was obtained with PPG
(kappa = 0.96). In addition, pNN40 and pNN70 reached similar results with the same
threshold (kappa = 0.95 and 0.94), but were more robust with respect to movement
artifacts. The coverage of PPG was 24.0–57.6% depending on the movement threshold
compared to 92.1% of ECG. Conclusion: The inter-beat interval features derived
from PPG are equivalent to the ones from ECG for AF detection. Movement artifacts
substantially worsen PPG-based AF monitoring in free-living conditions, therefore
monitoring coverage needs to be carefully selected. Wrist-worn PPG still provides a
promising technology for long-term AF monitoring.

Based on: L.M Eerikäinen, A.G. Bonomi, F. Schipper, L.R.C. Dekker, R. Vullings, H.M. de
Morree, R.M. Aarts,“Comparison between electrocardiogram- and photoplethysmogram-
derived features for atrial fibrillation detection in free-living conditions”, Physiol. Meas.,
vol. 39, No. 8, 2018, ©Institute of Physics and Engineering in Medicine, 2018.
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4.1 INTRODUCTION

A TRIAL fibrillation (AF) is the most commonly experienced arrhythmia.
It affects 1-2% of the general population and the prevalence is expected

to increase in the coming years. AF increases the risk of stroke, heart failure,
hospitalization, and death.88

AF is a progressive disease which starts with occasional events, called parox-
ysmal AF, and slowly progresses to persistent and permanent AF.88 The chal-
lenge in early detection of AF is the occasional nature of the events, but also
that AF can be asymptomatic. In a group of patients with paroxysmal AF,
the episodes were more often asymptomatic than accompanied with symp-
toms.89

The standard practice for diagnosing AF is with electrocardiography (ECG).
However, ECG has its limitations. The sensitivities of 12-lead ECGs and
transtelephonic ECGs are between 30–40% whereas for 24/48-hour Holters 44–
60%.27 The added value of prolonged continuous monitoring for diagnosing
AF has been shown when monitoring survivors from cryptogenic stroke either
continuously with an insertable cardiac monitor (ICM) compared to Holter
screening.2325 In a 3-year period, 8 times more patients were diagnosed with
AF with an ICM compared to the Holter control group. Implantable devices
are costly and require surgical procedures whereas Holter monitors can cause
irritation from the electrodes, are cumbersome to wear, thus not suitable for
long-term monitoring. Therefore, there is a demand for more convenient
long-term monitoring solutions for diagnosing AF.

Photoplethysmography (PPG) is an unobtrusive measurement modality
which enables measuring of different physiological parameters, such as heart
rate.289091 Use of PPG for AF detection has been studied with different tech-
nologies, such as with smartphones,9250499394 with finger probes in a clinical
environment9596 and with wrist-worn devices.848697988599

Wrist-worn PPG devices are easy to use and comfortable to wear, therefore
providing a promising solution for long-term monitoring. Although the wrist-
worn PPG based AF detection algorithms showed promising classification
performance, so far there is limited knowledge about their applicability to
free-living conditions where the measurements are affected by various type of
movement artifacts. The majority of the studies have been conducted in fairly
controlled conditions and with short measurements up to 10 minutes84979885

with only two exceptions. Pantelopoulos et al.99 have presented results with
overnight measurements and in our previous study we presented a Markov-
model approach when using 24-hour data.86
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The aim of this study is to compare state-of-the-art inter-beat interval (IBI)
derived features commonly used for AF detection from ECG and PPG in free-
living conditions. Information about body movement is used to investigate
the effect of movement artifacts to their discriminative power during daily
living.

4.2 METHODS

4.2.1 Data

The dataset for the analysis was collected in patients scheduled for a 24-hour
Holter measurement. Patients were contacted by a cardiologist and given at
least one week to consider the participation to the study. The participants gave
a written informed consent before the start of the measurements. The dataset
was collected in the Catharina Hospital, Eindhoven, The Netherlands.

The data consisted of 24-hour ECG measurement with a 12-lead Holter
monitor (H12+, Mortara, Milwaukee, WI, USA), PPG, and 3-axis accelerome-
ter measurements from the non-dominant wrist with a data logging device
equipped with the Philips Cardio and Motion Monitoring Module (CM3
Generation-3, Wearable Sensing Technologies, Philips, Eindhoven). The PPG
sensor was based on reflective mode using two green light LEDs. The sampling
frequency of both PPG and accelerometry was 128 Hz and the dynamic range
of the accelerometer was ± 8 g.

For syncronization purposes, at the start of the measurement, the event
button of the Holter monitor was pressed and data logger tapped at the same
time instant. During the recording period patients marked in a diary the
daily activities, possible symptoms, and medication intake. At the end of the
measurement, patients returned to the hospital and the same syncronization
procedure was repeated. Recording devices were detached and the diary was
handed in. Information about the daily activities in the diary was not used in
this study. In addition, baseline characteristics, medical characteristics, and
information about medication were collected.

The ECG data were visually analyzed by a clinical expert using an automated
rhythm detection software (Veritas, Mortara, Milwaukee, WI, USA). The
software extracted beat times from the ECG and identified every beat either
to normal, supraventricular premature beat (SVPB), ventricular premature
beat (VPB), AF, paced, artifact, or unknown. The rhythm was then confirmed
or corrected by the expert. The raw ECG data was not available for further
research purposes, and therefore the beat times and beat labels were used in
the data analysis.
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In total 30 patients were recruited. 8 patients had continuous AF, 19 patients
normal rhythm with premature beats, 2 patients atrial flutter, and one patient
had a very noisy ECG reference. The patients with atrial flutter and very noisy
ECG reference were excluded from the analysis. The patient characteristics of
the remaining 27 patients are presented in Table 4.1.

Table 4.1: Patient characteristics

Baseline characteristics AF (N = 8) non-AF (N = 19)
Sex, male, n (%) 5 (62.5) 10 (52.6)
Age, years, M ± SD (range) 69 ± 11 (43 – 79) 67 ± 13 (34 – 87)
Height, cm, M ± SD (range) 166.5 ± 8.6 (152 – 179) 171.8 ± 8.7 (151 – 185)
Weight, kg, M ± SD (range) 86.5 ± 26.6 (71 – 149) 83.2 ± 20.3 (52 – 113)
BMI, kg/m2, M ± SD (range) 30.9 ± 7.5 (24.6 – 48.1) 27.9 ± 5.5 (20.2 – 39.3)
Medical characteristics
Structural heart disease

Coronary artery disease, n (%) 1 (12.5) 3 (15.8)
Heart failure, n (%) 1 (12.5) 1 (5.3)
Heart valve disease, n (%) 0 (0) 1 (5.3)

Risk factor
Hypertension, n (%) 4 (50.0) 4 (21.0)
Hyperlipidemia, n (%) 0 (0) 0 (0)
Diabetes Mellitus, n (%) 2 (25.0) 0 (0)
Obstructive sleep apnea, n (%) 1 (12.5) 0 (0)

Medication
Beta-blocker, n (%) 6 (75.0) 9 (47.4)
Calcium channel blocker, n (%) 4 (50.0) 3 (15.8)
Statin, n (%) 3 (37.5) 8 (42.1)
Anti-arrhythmic drug class I, n (%) 1 (12.5) 5 (26.3)
Anti-arrhythmic drug class III, n (%) 1 (12.5) 2 (10.5)
Digoxin, n (%) 2 (25.0) 1 (5.3)
Anticoagulation, n (%) 8 (100) 15 (79.0)

4.2.2 Preprocessing and data synchronization

The raw PPG data was downsampled from 128 Hz to 64 Hz and bandpass
filtered to range from 0.3 to 5 Hz. The pulses were detected by identifying
fiducial points in the PPG waveform, i.e. the troughs, by detecting local
minima. For finding the local minima, the points where the first derivative goes
from negative to positive were selected. To prevent detecting too many local
minima, an adaptive threshold was used to exclude locally insignificant ones.
The threshold was obtained by filtering the bandpass-filtered PPG signal with
a first order lowpass filter (time constant 125 ms). The search for the minima
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was enabled only when the PPG signal was below the threshold. Additionally,
maximum magnitude of acceleration, after removal of gravity, was assessed
every second from the accelerometer. If a threshold of 0.1 g was exceeded, the
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Figure 4.1: Examples of 30s segments of PPG signals (above) and corresponding IBIs and IPIs
(below) during sinus rhythm (a), atrial fibrillation (b), and movement (c).
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local minima in that period were not considered.

The time between the PPG fiducial points was used to calculate the inter-
pulse intervals (IPI). Similarly, the inter-beat intervals (IBI) were calculated
from the ECG as the time difference between the beat times given by the Holter
software. The raw ECG signal was not available for further data analysis
purposes.

The IBI and IPI series were recorded with different devices each of which
having their own clock. The clocks may exhibit a time-offset and may run at
different speeds, i.e. there might be a drift. For synchronising the IBI and IPI
series, first a set of short IPI subsequences was taken from the full IPI sequence.
For each IPI subsequence from this set, the best matching position in the IBI
sequence was determined. Each match gave a time-offset between the start
time of the IPI subsequence and the start time of the best matching position
in the IBI sequence. From these time-offsets the clock offset and drift were
determined. In addition, the accelerometer signal was aligned based on the
offset defined by the fit. In Fig. 4.1 example sequences of 30s of PPG signal
and corresponding IBIs and IPIs during sinus rhythm, AF, and movement are
presented.

4.2.3 Features

In total seven IBI derived features for AF detection from the literature were
compared in this study. The features are pNN40, pNN70, Shannon entropy
(ShE), Root Mean Square of Successive Differences (RMSSD), normalized
RMSSD (nRMSSD), sample entropy (SampEn), and coefficient of sample
entropy (CoSEn). Prior to computing the features, outlier IBIs/IPIs were
discarded by removing the ones < 200 ms and > 2200 ms.

In the study of Corino et al.85 a wide range of features from PPG were
analyzed for AF detection. The percentage of differences of successive IBIs
that exceed 40 ms or 70 ms (pNN40 and pNN70) were found to be the best
discriminative feature combination.

Shannon entropy is an entropy estimate often used to determine regularity of
an IBI sequence to distinguish AF.92504994 The values in the sequence, in this
case IBIs or IPIs, are divided in bins and the probability p(i) of a value being
in the bin i is

p(i) =
n(i)

l − noutliers
. (4.1)

n(i) is the number of values in the bin i, l length of the sequence, and noutliers
the number of outliers in the sequence. The bins were equally spaced in the
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range from 200 ms to 2200 ms. After having the probabilities for every bin,
ShE can be calculated as follows

ShE = −
N∑
i=1

p(i) log(p(i))
log(N) , (4.2)

where N is the number of bins. We used 16 bins as that has been shown to be
the minimum number of bins to obtain a reasonable accuracy.39

RMSSD and nRMSSD are features used to assess the beat-to-beat variability
and have been studied for AF detection from PPG.9250498594 RMSSD of an IBI
sequence of a length l is

RMSSD =

√√√√√ 1
l − 1

l−1∑
j=1

(IBI(j + 1)− IBI(j))2 (4.3)

The nRMSSD is the RMSSD divided by the mean IBI (or IPI) of the se-
quence.

SampEn assesses the similar patterns in a sequence, lower value indicating
more self-similarity. SampEn is the negative natural logarithm of the condi-
tional probability that two sequences that match with each other atm points, i.e.
the difference between the two sequences of length m is smaller than tolerance
r, they also match when m + 1 points are compared. SampEn was calculated
according to87

SampEn = −ln(A/B) = −ln(A) + ln(B), (4.4)

where A is the number of matches with template length m + 1 and B is the
number of matches with length m, where m was set to 1, and r 0.25 times the
standard deviation of the sequence in line with.85

CoSEn is an entropy estimate proposed by Lake and Moorman40 that is
optimized for AF detection and calculated as

CoSEn = SampEn + ln(2r)− ln(mean(IBI)), (4.5)

where r is the tolerance used for computing SampEn.

The features were computed in sliding time windows of 30 s, 60 s, and 120
s with a 30 s shift. Windows that had less than 20, 40, and 80 intervals for
30 s, 60 s, and 120 s window, respectively, were excluded from the analysis.
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For the computation of SampEn and CoSEn, the window needed to contain
at least 9 consecutive IBIs after removing outliers, otherwise the window was
excluded.

4.2.4 Movement intensity

The information from the accelerometer was used to evaluate the movement of
the wrist. Movement intensity was defined as

Movement intensity =
3∑

ax=1

[ 1
lacc

lacc∑
i=1

(acc(i)ax −max)2
]

(4.6)

where ax is the axis of the accelerometer, lacc the length of acceleration
sequence, and max the mean acceleration over the sequence on that axis.

Movement intensity was used in the feature computation to discard windows
exceeding a predefined movement threshold. Three different thresholds were
set for comparison: 75%ile, 50%ile, and 25%ile of the movement distribution
of all patients.

4.2.5 Performance metrics

The discriminative power of the features was determined with the following
performance metrics: sensitivity, specificity, accuracy, positive predictive value
(PPV), F1-score and Cohen’s kappa. When TP being true positives, TN true
negatives, FP false positives, and FN false negatives, sensitivity, specificity,
accuracy, and PPV are calculated as follows:

Sensitivy = TP

TP + FN
, (4.7)

Specificity = TN

TN + FP
, (4.8)

Accuracy = TP + TN

TP + TN + FP + FN
, (4.9)

and

PPV = TP

TP + FP
. (4.10)
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F1-score is a harmonic mean of precision (PPV) and recall (sensitivity) and
is based on the efficiency score of Van Rijsbergen72

F1-score = 2 ·
PPV · sensitivity
PPV + sensitivity

. (4.11)

Cohen’s kappa100 is a measure describing the inter-rater agreement of two
categorical variables. Kappa is calculated with the following formula

κ = po − pe
1− pe

= 1− 1− po
1− pe

, (4.12)

where po is the observed agreement and pe the chance agreement. Observed
agreement po is calculated the same way as accuracy and is the percentage of
true observations from all the observations. The chance agreement pe is

pe = 1
N2
all

∑
k

nk1nk2, (4.13)

where k is the class, N number of observations, and nki the number of times
rater i predicted class k. In our case, the two raters are the reference and the
output of the automatic classification based on the feature.

4.2.6 Cross-validation

The cut-off values for AF detection for every feature were determined by leave-
one-subject-out cross-validation. The data from one subject were held for
testing whereas the data from the remaining 26 subjects were used for training.
Due to the imbalance in the number of subjects between the AF and non-AF
groups, the data from AF group were upsampled in the training set to balance
the class distribution.

The cut-off value for every feature with every window length and movement
intensity threshold was determined in the training set by using Receiver Op-
erating Characteristics (ROC) curve and Youden index.101 Figure 4.2 is an
example of the ROC curves and operative points defined by the Youden index
during the training phase with features computed from ECG with 30 s window
and when data of one patient have been left for testing. For every defined
cut-off value, the procedure of holding data for testing from one patient was
repeated 27 times.
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Figure 4.2: An example of ROC curves during the training phase with features computed from
ECG with a 30 s window. The black squares on the curve are the operative points defined by the
Youden index.

4.3 RESULTS

The AF classification performance of every feature was calculated by aggregat-
ing the results obtained with the test data from every round of cross-validation.
The results were computed with ECG by varying the window length and with
PPG by varying both the window length and movement threshold. Cohen’s
kappa was selected as the metric to compare the performance of individual
features, since it is a metric not affected by the imbalance between the two
classes, i.e. AF and non-AF. For the comparison between features computed
from ECG, Fig. 4.3 shows a histogram of kappa for every feature when varying
the window length. Based on this comparison, CoSEn is the strongest feature
from ECG with kappa 0.901–0.950. For every feature the longest window gave
the best performance.

The effect of the movement threshold to PPG derived features was compared
using a 120 s window. Furthermore, for comparing the effect of the window
length, the strictest movement threshold (25%ile) was used. Figure 4.4 shows
on the left a histogram of kappa of the features when window length is kept
constant but movement threshold varies. On the right, there is a histogram
when movement threshold is kept constant and window length varies. When the
movement threshold is set to reject more movement, the performance increases
for all the features. The results of varying the window length are in line with
the results from ECG and with a longer window length better kappa is obtained.
CoSEn is again one of the strongest features with kappa120s(25%ile) 0.956, but
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Figure 4.3: Cohen’s kappa of features computed from ECG with different window lengths.

additionally pNN40 and pNN70 appear as strong features for AF classification
from PPG with kappa120s(25%ile) 0.953 and 0.945, respectively.
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Figure 4.4: Cohen’s kappa of features computed from PPG with different movement thresholds
using 120 s window (a) and window lengths using 25%ile threshold (b).

Restricting sufficiently the accepted amount of movement resulted in an
increase in the performance. However, when windows for feature computation
are discarded from the analysis due to the movement, the coverage, which is
defined as the percentage of 30 s instants with a feature value, also decreases.
In Fig. 4.5, the mean coverage of all patients with ECG and PPG when varying
the movement threshold is presented with all the different window lengths.
On average, the coverage with ECG with different window lengths is 92.1%.
With PPG the average coverage with no movement threshold, 75%ile, 50%ile,
and 25%ile thresholds is 57.6%, 54.9%, 45.4%, and 24.0%, respectively. The
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movement thresholds are determined separately for different window lengths
and therefore varying the window length does not significantly influence the
coverage.
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Figure 4.5: Mean overage of ECG and PPG with different movement thresholds and window
lengths.

CoSEn resulted as the best feature from both from ECG and PPG with 25%ile
threshold when kappa was compared. Table 4.2 shows sensitivity, specificity,
PPV, accuracy, kappa, and F1-score of CoSEn with both ECG and PPG when
varying window length and movement threshold. When the 25%ile threshold is
used, the classification performance with PPG approaches the results with ECG
with all the metrics. With 60 s and 120 s window, the results with PPG are at
the level of ECG. Figure 4.6 shows kappa with CoSEn and pNN40 from PPG
as a function of movement threshold compared to how the coverage changes
when the movement threshold is changed. Kappa with CoSEn from ECG is
marked as a reference, since it was the highest kappa obtained with ECG. It
is visible how kappa increases when the movement threshold is stricter and
both CoSEn and pNN40 from PPG eventually reach the same kappa as with
ECG. With higher movement thresholds pNN40 performs better, thus being
more robust against movement artifacts. On the contrary to kappa, coverage
decreases when excluding more movement from the analysis.
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Table 4.2: Performance with CoSEn from PPG and ECG with different window lengths and
movement thresholds

Window Sensitivity Specificity PPV Accuracy Kappa F1-score
ECG 0.981 0.950 0.886 0.958 0.901 0.931
PPG - no th 0.952 0.819 0.684 0.857 0.691 0.796

30s PPG - 75%ile th 0.950 0.829 0.695 0.864 0.703 0.803
PPG - 50%ile th 0.960 0.866 0.746 0.893 0.761 0.839
PPG - 25%ile th 0.968 0.934 0.855 0.944 0.867 0.908
ECG 0.980 0.971 0.931 0.973 0.936 0.955
PPG - no th 0.942 0.884 0.773 0.901 0.777 0.849

60s PPG - 75%ile th 0.948 0.890 0.784 0.907 0.791 0.858
PPG - 50%ile th 0.959 0.916 0.829 0.929 0.837 0.889
PPG - 25%ile th 0.975 0.968 0.928 0.970 0.929 0.951
ECG 0.983 0.978 0.948 0.980 0.951 0.965
PPG - no th 0.959 0.898 0.798 0.916 0.810 0.871

120s PPG - 75%ile th 0.960 0.901 0.805 0.919 0.816 0.876
PPG - 50%ile th 0.966 0.919 0.839 0.934 0.849 0.898
PPG - 25%ile th 0.984 0.980 0.955 0.981 0.956 0.970
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Figure 4.6: Increase of kappa with CoSEn and pNN40 from PPG and decrease of coverage as a
function of movement threshold. No movement threshold was applied when computing kappa
with CoSEn from ECG, but for easier comparison it is marked as a line of reference.
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4.4 DISCUSSION

In this study, we compared for the first time commonly used IBI-features
derived from ECG and PPG for AF detection in free-living conditions with
24-hour measurements. CoSEn resulted as the most powerful individual fea-
ture from ECG and with strict movement threshold from PPG reaching high
sensitivity, specificity, and kappa with both measurement modalities. With the
25%ile threshold for movement, pNN40 calculated from PPG gave similar
kappa (0.952) compared to CoSEn (0.956). When accepting more movement,
pNN40 performed better, therefore being more robust. Even without using the
movement information the coverage was substantially reduced by the move-
ment artifacts, being on average 58% compared to the 92% with ECG. During
high intensity movement the pulses were not detected from the PPG and these
segments were excluded from the analysis even without using any movement
threshold. This also explains why the coverage and performance remain at the
same level when 75%ile threshold was applied.

The results indicate that when periods of PPG data affected by movement
are discarded from the analysis, i.e. when we expect stable measurement
conditions and better signal quality, the PPG works equally well as ECG Holter
measurement. The impact of presence of simulated muscle artifact noise on
the performance of IBI-based AF detection algorithms for ECG has been
previously studied by Oster and Clifford.102 They showed a linear increase
in the performance when SNR increased. In large part our result are in line
with their findings. Reducing the movement artifacts had the highest impact
on specificity and PPV, thus reducing the false positives. However, on the
contrary to the results of Oster and Clifford102 also sensitivity improved. In our
current study, the movement thresholds were not optimized in terms of trade-
off between classification performance and coverage. That is left for further
research. One option could also be to incorporate movement or signal quality
information to the classification model as a feature9798 to further improve
accuracy and increase coverage.

We compared only individual features to make a more objective comparison
between measurement modalities, i.e. ECG and PPG. Alternatively, we could
have compared the AF detection of a classification model combining either
ECG or PPG derived features. With the current way, the comparison is inde-
pendent from the choice of the feature combination and classification model.
These choices might be different when optimized for ECG and PPG, depending
also whether PPG is affected by movement artifacts or not. Better classification
performance could be possibly obtained when more features are combined.
Therefore the classification performance obtained with an individual feature
is not intended to reflect the maximum performance that is possible to obtain
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with PPG in free-living conditions. Especially, adding information beyond
IBI-derived features, such as morphology features9499 and spectral features,98

could possibly further boost the performance.

There are some limitations in the study. The dataset was not large enough
to divide the data in a separate training and an unseen test set, and therefore
results with cross-validation are presented. There is an imbalance between the
two classes which affects some of the performance metrics, such as accuracy,
PPV, and F1-score. Therefore, these metrics are not comparable to the results
obtained in other studies with balanced class distributions. In addition, the
division into two groups was made solely based on the rhythm, i.e. whether
AF was present or not, and the patient characteristics between these groups
resulted to be slightly different. However, in such a small dataset, the possible
influence of these differences to the results is difficult to assess.

Another limitation of the study is that all the patients with AF had continuous
AF. Ideally, the aim was to measure events of paroxysmal AF, but no paroxys-
mal AF was detected in our study population. It was not possible to determine
before the measurement if a patient would have a paroxysmal event during the
measurement period. This also reflects the current problem with 24-hour Holter
monitoring that rare events are missed, if they occur outside the monitoring
period.27 Therefore, with the current dataset it is not possible to assess how
accurately paroxysmal events are detected and whether the window length
influences that. Nevertheless, this is the first study comparing ECG and PPG
for AF detection during daily life and the results, even with only continuous AF,
are promising. Further studies with prolonged PPG measurements to multiple
days or weeks, which is difficult and uncomfortable to measure with a Holter,
can most likely better capture subjects with paroxysmal events to the study
population and give information about their detection with PPG.

As mentioned earlier, even when the movement intensity was not considered
in the analysis, the coverage of the rhythm classification with PPG was on
average 58% due to the inability to detect pulses. When adding the assessment
of movement intensity, the coverage reduced even more. This causes a limi-
tation for the use of IBI-based methods for continuous monitoring to detect
paroxysmal events which might occur during the periods when coverage is
lost. The detection of these AF events would be therefore partly dependent on
the frequency, duration, and daily distribution of the events. However, the lost
coverage could be compensated with prolonged monitoring period up to weeks
or even months. The impact of lost coverage on the sensitivity of detecting
paroxysmal events and the added value of prolonged monitoring with PPG
should be assessed with further studies. Moreover, development of methods to
improve the coverage could help to overcome the issue with data loss.
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In general, the comparison between performance of different algorithms
developed for AF detection from PPG is difficult. Algorithms are developed in
different settings, and with datasets having different characteristics, e.g. AF
vs. subjects with sinus rhythm and AF vs. subjects with other rhythms, such
as presence of premature contractions. We have previously shown that results
from one measurement setting and patient group are not directly applicable to
another setting and patient group with different characteristics.103 In addition,
the amount of data points to compute a feature, i.e. window length, which is
not equal between different solutions, influences the results. This was also
shown in the work of Tang et al.96 when comparing models using 1-minute,
2-minute, and 10-minute data.

4.5 CONCLUSION

Comparable results in AF detection are possible to obtain with PPG and ECG
when using a single feature and when discarding PPG signals during movement
identified with the accelerometer. On the one hand this leads to a limited
coverage, but on the other hand PPG devices can be worn for much longer
periods than ECG recorders compensating for the lost coverage. The prolonged
monitoring period might have an added value in detecting paroxysmal AF.
Therefore, wrist-worn PPG devices provide a promising solution for long-term
monitoring of AF. Future studies should be performed to assess the impact of
the coverage loss on the sensitivity of detecting paroxysmal AF events.



5
ARRHYTHMIA DETECTION

Abstract - Objective: Photoplethysmography (PPG) enables unobtrusive heart rate
monitoring, which can be used in wrist-worn applications. Its potential for detecting
atrial fibrillation (AF) has been recently presented. Besides AF, another cardiac
arrhythmia increasing stroke risk and requiring treatment is atrial flutter (AFL).
Currently, the knowledge about AFL detection with PPG is limited. The objective
of our study was to develop a model that classifies AF, AFL, and sinus rhythm with
or without premature beats from PPG and acceleration data measured at the wrist
in daily life. Methods: A dataset of 40 patients was collected by measuring PPG
and accelerometer data, as well as electrocardiogram as a reference, during 24-hour
monitoring. The dataset was split into 75%-25% for training and testing a Random
Forest (RF) model, which combines features from PPG, inter-pulse intervals (IPI),
and accelerometer data, to classify AF, AFL, and other rhythms. The performance
was compared to an AF detection algorithm combining traditional IPI features for
determining the robustness of the accuracy in presence of AFL. Results: The RF
model classified AF/AFL/other with sensitivity and specificity of 97.6/84.5/98.1% and
98.2/99.7/92.8%, respectively. The results with the IPI-based AF classifier showed
that the majority of false detections were caused by AFL. Conclusion: The PPG signal
contains information to classify AFL in the presence of AF, sinus rhythm, or sinus
rhythm with premature contractions. Significance: PPG could indicate presence of
AFL, not only AF.

Based on: L.M Eerikäinen, A.G. Bonomi, F. Schipper, L.R.C. Dekker, H.M. de Morree, R.
Vullings, R.M. Aarts,“Detecting Atrial Fibrillation and Atrial Flutter in Daily Life Using
Photoplethysmography Data”, IEEE Journal of Biomedical and Health Informatics, vol. 24,
No. 6, 2020, Creative Commons Attribution 4.0 License.
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5.1 INTRODUCTION

A TRIAL fibrillation (AF) is a cardiac arrhythmia that has been estimated to
affect approximately 3% of the adult population, the prevalence increas-

ing at older age.104, 105 The arrhythmia is associated with increased morbidity,
such as stroke and heart failure.5, 106 Therefore, a timely diagnosis and start of
the treatment of AF is essential, and new solutions for unobtrusive, low-cost,
and possibly prolonged monitoring are increasingly studied. Especially solu-
tions for long-term monitoring that work in daily life are needed for detecting
intermittent episodes of AF that may be missed if monitoring period is short.

Another cardiac arrhythmia causing a similar stroke risk as AF, but is less
common, is atrial flutter (AFL).10710 In AFL the atrial rhythm is regular and
the ventricular rate is dependent on atrioventricular conduction and on whether
the flutter is typical or atypical. The guidelines for anticoagulation and aims for
AFL management are similar as for AF.5 In addition, many patients with AFL
develop later AF108 or both arrhythmias may coexist.10 Although the aims
in management are similar, the treatment strategies for the two arrhythmias
differ. AF is more often treated with medication whereas cardiac ablation is
more common in treating AFL,5, 107 the success rate of ablations for a specific
type of AFL being 90–95%.5 Rate control in AFL is often more difficult to
achieve than in AF5 and antiarrhythmic therapy of AF may also cause AFL.107

Knowing the type of arrhythmia causing the stroke risk is therefore important
as antiarrhythmic therapies differ.

Photoplethysmography (PPG) is an optical measurement modality that can
be used in physiological measurements, such as heart rate monitoring.28, 91

Reflective PPG is often used for wearable solutions, e.g. wristband devices.
The potential of using PPG measured at the wrist to detect AF has been
investigated in several studies with promising results.84, 85, 97, 98, 109–118 Most of
the approaches have focused on discriminating AF from normal sinus rhythm
(NSR)109–111 or, more in general, non-AF rhythms without further dividing
the rhythms into different classes.84, 97, 98, 112–117 For classification of multiple
rhythms, Corino et al.85 proposed a method to classify the rhythms into AF,
NSR, and other arrhythmias, whereas the approach of Fallet et al.118 focused on
classifying AF, NSR, and ventricular arrhythmias. Furthermore, the potential
of using PPG signals to classify multiple cardiac rhythms has been studied
with PPG measured with smartphones.49, 51, 119

While AF detection with PPG has been widely studied, the literature about
using PPG signals to classify AFL is limited. In the study of Corino et al.,85

the class for other arrhythmias included 9 subjects having either AFL, ventric-
ular premature beats (VPB), atrial tachycardia, and variable conduction. The
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sensitivity and specificity for this class were 75.8% and 76.8%, respectively. In
other studies in which AFL is mentioned to appear in the dataset, the data has
been often either excluded112, 113, 117, 120 or it has been included in the group
of non-AF rhythms.116 Kashiwa et al.117 excluded continuous AFL, but did
not distinguish short AFL episodes among AF episodes. The approaches that
included AFL in a different class than AF, were based on the information
obtained from the inter-pulse intervals (IPIs).85, 116 From electrocardiography
(ECG) studies we know that rhythm irregularity is not specific for AF, but
occurs also during AFL.121 Therefore, analysis on IPI irregularity patterns may
not be sufficient for an accurate classification of these two arrhythmias. AFL
can also manifest as a very regular rhythm, which can be a challenge when
distinguishing from sinus rhythm. Adding additional information, e.g. from
the PPG waveform, may be helpful in detecting different rhythms.

The objective of our study was to develop a classifier for classification of
AF, AFL, and other rhythms, using PPG and acceleration data measured at
the wrist in daily life. The category other rhythms included NSR and sinus
rhythm accompanied with premature beats originating either from the atria or
the ventricles. First, we developed an AF classifier based on rhythm irregular-
ity, derived from the IPIs with commonly used features for AF detection, to
benchmark the classification performance. This was done in three different
ways: by considering AFL as a non-AF rhythm together with sinus rhythm and
premature beats, considering AFL with AF because of the similar stroke risk,
and by excluding AFL completely. Second, we added new features, such as
features from the PPG waveform, to improve the classification performance
and provide sufficient information for classifying multiple rhythms, i.e. AF,
AFL, and other.

5.2 METHODS

5.2.1 Data

The dataset for this study consisted of simultaneous ECG, PPG, and accelerom-
etry measurements in 40 patients undergoing a 24-hour Holter measurement
as part of routine clinical care. The patients were contacted by a cardiologist
and given at least one week to consider their participation in the study. Before
the start of the measurements, the participants gave written informed consent.
The study (NL53827.100.15) was approved by the medical ethical committee
MEC-U (Medical Research Ethics Committees United) in the Netherlands, and
the data was collected in the Catharina Hospital, Eindhoven, the Netherlands.

The ECG was measured with a 12-lead Holter monitor (H12+, Mortara,
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Table 5.1: Rhythm type distributions in the training and test sets

Rhythm type Training set (N = 29) Test set (N = 10)

NSR 48.5% (15) 45.7% (5)

SVPB 0.5% (15) 0.4% (5)

VPB 0.6% (12) 0.3% (5)

AFL 10.8% (3) 22.4% (2)

AF 39.6% (11) 31.0% (3)
NSR = normal sinus rhythm, SVPB = supraventricular premature beat, VPB =
ventricular premature beat, AFL = atrial flutter, AF = atrial fibrillation

Milwaukee, WI, USA). The PPG and 3-axis accelerometer measurements
at the non-dominant wrist were made with a data logging device equipped
with the Philips Cardio and Motion Monitoring Module (CM3 Generation-3,
Wearable Sensing Technologies, Philips, Eindhoven, the Netherlands). The
PPG sensor was based on reflective mode using two green LEDs. The sampling
frequency of both PPG and accelerometry was 128 Hz and the dynamic range
of the accelerometer was ± 8 g. The accuracy of heart rate measurement when
using the same PPG-sensor has been previously reported in.122

The ECG data were visually analyzed by a clinical expert using an automated
rhythm detection software (Veritas, Mortara, Milwaukee, WI, USA). The
software extracted beat times from the ECG and identified every beat either
as normal, supraventricular premature beat (SVPB), VPB, AF, paced, artifact,
or unknown. The rhythm was then confirmed or corrected by the expert. The
software labeled also atrial flutters as AF, which were corrected after the visual
inspection by the expert.

Out of the 40 patients, 14 had continuous AF during the recording period,
20 had normal sinus rhythm with premature contractions, 4 had continuous
atrial flutter, 1 had continuous atrial flutter with atrial tachycardia, and one
patient had a very noisy ECG reference. The patient with the very noisy ECG
reference was excluded from the analysis, because no classification could be
made based on the reference data.

For developing the classification models, the dataset was divided into two
parts: a training set and a test set. The training set was used for training of
the model and the test set was kept as unseen data to test the classification
performance. The split was made by assigning 75% of the patients to the
training set and 25% to the test set based on the rhythm, with the aim to have
similar rhythm distributions in both datasets. These are presented in Table 5.1
based on the percentage of beats in every class and the number of patients
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Table 5.2: Patient characteristics

Training set AF AFL Other
Age, years 66 ± 11 63 ± 7 69 ± 12
BMI, kg/m2 31.2 ± 7.0 30.3 ± 5.6 28.6 ± 6.1
Min HR, bpm 43 ± 11 42 ± 27 49 ± 8
Mean HR, bpm 79 ± 16 78 ± 28 71 ± 12
Max HR, bpm 136 ± 19 131 ± 26 108 ± 17
Record length per patient, h 23.1 ± 1.1 23.4 ± 0.2 23.5 ± 1.0
Total record length, h 208 70 353
Test set
Age, years 76 ± 6 70 ± 4 62 ± 16
BMI, kg/m2 24.3 ± 3.3 28.3 ± 3.6 26.9 ± 3.3
Min HR, bpm 38 ± 17 47 ± 4 49 ± 9
Mean HR, bpm 80 ± 20 84 ± 3 72 ± 14
Max HR, bpm 144 ± 43 159 ± 15 119 ± 14
Record length per patient, h 22.6 ± 0.5 23.2 ± 0.1 23.8 ± 0.4
Total record length, h 68 46 119

The values are presented as mean ± standard deviation over subjects.
AF = atrial fibrillation, AFL = atrial flutter, HR = heart rate

having that rhythm. The atrial tachycardia was included in the class of AFL.
The patient characteristics in both datasets are presented in Table 5.2.

5.2.2 Preprocessing and pulse detection

The raw PPG data was uploaded from the data logging device and processed
offline. As a preprocessing step prior to pulse detection, the PPG signal was
downsampled from 128 Hz to 64 Hz and bandpass filtered to range from 0.3
to 5 Hz. The pulses were detected by identifying the fiducial points, i.e. the
troughs, in the waveform by detecting the local minima. The time difference
between two consecutive fiducial points was calculated to obtain the IPIs. The
IPI time series were used to match the pulses to the labeled ECG beat times.
The method for detecting the pulses and synchronizing the PPG and ECG beat
information is described more in detail in.113 Examples of 30-second segments
of the PPG waveforms and the corresponding IPIs for different rhythm types
are presented in Fig. 5.1 and Fig. 5.2. Figure 5.2 shows differences in the
rhythm characteristics between different AFL subjects.
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Figure 5.1: PPG waveforms and the corresponding IPIs of sinus rhythm (A), sinus rhythm with
SVPBs (B), and atrial fibrillation (C).

5.2.3 Modeling architecture

In this study, two models were developed: an AF classification model based
on the traditionally used IPI variability patterns (benchmark model), and a
multi-rhythm model to classify AF, AFL, and other rhythms. Figure 5.3 shows
the block diagram of the two models. The benchmark model takes as input
only features computed from IPI series, whereas the multi-rhythm model uses
the IPI series, PPG waveform, and accelerometer data as input for the feature
computation.

The PPG, accelerometer, and IPI time series data were segmented in 30-
second non-overlapping windows for computing the features and every window
was labeled based on the rhythm. The beat labels from ECG were used as the
ground truth. When the majority of beats were AF, the window was labeled as
AF. This was the same for AFL. When there were any SVPBs in the window,
and no AF or AFL, the window was labeled as SVPB, and the same for VPB.
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Figure 5.2: PPG waveforms and the corresponding IPIs from three different atrial flutter subjects
(I-III).

The windows were labeled as sinus rhythm when they did not contain any of
the previously mentioned rhythms. If more than half of the beats were labeled
as artifact, the window was discarded from the analysis.

For binary classification, which was done with the benchmark model ((1)
in Fig. 5.3), the classification was performed in three different ways. First,
all the windows labeled as AF were considered as one class, and AFL, NSR,
SVPB, and VPB together as another class, i.e. non-AF rhythms. Second, AFL
was considered as the same class with AF, and finally, AFL was completely
removed from the analysis. For the multi-rhythm classification ((2) in Fig. 5.3),
AFL was separated as its own class, and NSR, SVPB, and VPB, treated as
one class to which we refer as ’other’. Premature beats were not separated
as their own class because there where too few examples compared to AF,
AFL, and NSR. In addition, they usually are not considered to require medical
treatment.
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5.2.4 Features

The features to be used for the classification were calculated for every 30-
second window in two stages: first for the benchmark AF classifier using
only IPI-features, and second for the multi-rhythm classifier with the aim of
improving overall accuracy and classify both AF and AFL separately. All the
features used in the analysis are summarized in Table 5.3.

Prior to the feature computation, IPIs that were shorter than 200 ms and
longer than 2200 ms were excluded from the analysis. This was done because
pulses could be sometimes falsely detected or missed, leading to incorrect IPIs.
For more robust feature calculation, the features were calculated only if the
window contained 20 or more IPIs.

For the benchmark AF classifier, six features characterizing the variability
or entropy of the IPI series, which have been used for AF classification in the
literature,39, 40, 49, 85 were computed:

• Shannon Entropy (ShEn)

• Normalized Root Mean Square of Successive Differences (nRMSSD)

• pNN40 and pNN70

• Sample Entropy (SampEn)

• Coefficient of Sample Entropy (CoSEn)

We have previously studied the discriminative power of these features individ-
ually for AF detection with PPG and compared that to ECG.113 Here, these
features were used to build the first model to classify AF either with or without
AFL.

For the multi-rhythm classifier, additional features were calculated in order
to improve the detection accuracy and enable separate AFL classification. The
features were derived either directly from the PPG waveform, from the IPI
series, or from the accelerometer data. The features of the PPG waveform
were computed from the signal segments after subtracting the mean value and
dividing by its standard deviation. The new feature set consisted in total of 16
features, which will be described here.

One category consists of features that have been considered to measure the
signal quality of PPG. A feature that has been used for motion artifact detection
is kurtosis.123 It is a statistical measure describing the tails of the distribution
defined as

K = E(x− µ)4

σ4 , (5.1)
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where µ and σ are the mean and standard deviation of x, respectively, and
E(n) is the expected value of the quantity n.

In the PPG analysis domain, Hjorth descriptors called mobility and com-
plexity,124 H1 and H2, have previously been used for analyzing the quality
of the signal.125 The descriptors have initially been developed for electroen-
cephalogram (EEG) analysis124 and represent the mean frequency and half the
bandwidth, respectively. The descriptors are calculated from spectral moments
of the signal, the nth order spectral moment being defined as

ω̄n =
∫ π

−π
ωnS(ejω)dω, (5.2)

where S(ejω) is the power spectrum. From the moments with different orders,
H1(n) is defined as

H1(n) =
√
ω̄2(n)
ω̄0(n) , (5.3)

andH2(n) as

H2(n) =
√
ω̄4(n)
ω̄2(n) −

ω̄2(n)
ω̄0(n) . (5.4)

The spectral moments were implemented in this work in the time domain
according to Sörnmo and Laguna.78

A similar feature to H2(n), which also has its origin in EEG analysis, is
Spectral Purity Index (SPI):77, 78

SPI(n) = ω̄2
2(n)

ω̄4(n)ω̄0(n) . (5.5)

Later SPI has been used also for ECG analysis in detecting false alarms of
ventricular tachycardia and fibrillation/flutter.126, 127 Recently, the method was
also applied to PPG signals in order to distinguish ventricular arrhythmias from
sinus rhythm and AF.118 In addition, it has been considered as a signal quality
metric for PPG.97

Shannon Entropy in the time domain was included as a feature in the first
stage to study the variability of the IPI series, but it can be also extended to the
frequency domain. Spectral Entropy (SE)128 measures the spectral complexity
of the time series and can be calculated as
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SE =
∑
f

pf log
(

1
pf

)
, (5.6)

where pf is the power spectral density normalized with the total spectral power.
Previously, Fallet et al.118 have studied SE for discrimination of AF and
ventricular arrhythmias from PPG.

In addition to the features from the frequency domain, additional IPI features
were introduced. Modeling RR intervals as a Markov process has been used for
AF detection initially by Moody and Mark.31 In the model, each RR interval
was considered to be either short, regular, or long. When every RR interval
was assigned to one of these states, transitions between states and transition
probability matrices for different rhythms could be calculated. From the
transition probabilities, a score that represents the likelihood of the rhythm can
be derived. With a similar approach having more states, a good performance
in detecting AF from the IPI series has been recently shown.112 In the current
work, the Markov model was used in order to distinguish between AF and
AFL.

The transition probability matrices to model the Markov process were calcu-
lated for AF and AFL from the IPI series. These gave the score S that indicates
whether the rhythm is more likely to be AF than AFL.

Sij = log
(
pAFLij

pAFij

)
, (5.7)

where pAFLij is the probability that after an interval belonging to state i, an
interval belonging to state j occurs during AFL, and pAFij is the same for AF.

In addition, as a new feature, the same procedure was used to calculate
a score when using pulse-to-pulse-to-pulse intervals (PPPI) instead of IPIs.
PPPIs were calculated as the time difference between two fiducial points by
skipping one pulse in between, the length of the interval corresponding to the
sum of two consecutive IPIs. The patterns formed by PPPIs are different from
IPIs and this can be especially helpful for distinguishing when irregularity is
due to an alternating IPI-pattern, such as during AFL, instead of due to AF.
Both IPI and PPPI series were normalized and the scores filtered according
to,31 having as the coefficient k = 0.25. The number of states for the used
model was 12. Because a score is produced for every interval, a mean of the
scores in the window was taken.

To include information reflecting the heart rate, the maximum, minimum,
median, and standard deviation of the IPIs were included as features. In
addition, from the PPG waveform, maximum, minimum, mean, and standard
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deviation of the pulse amplitude, i.e. the difference between the peak and the
onset of the pulse, were calculated.

Finally, from the accelerometer data the norm of the accelerations on the
three axis was calculated. From the norm, the standard deviation and the
maximum absolute value in each window were included to the feature set.

5.2.5 Feature selection

Feature selection was employed to select the optimal set of IPI variability
features for the benchmark AF classification models. Based on our previous
work,113 all the six features reflecting variability or entropy of the IPI sequence
have individually a strong discriminative power in AF classification. Moreover,
all these features try to capture relatively similar information and could be
redundant. Therefore, the Minimal-Redundancy-Maximal-Relevance (mRMR)
criterion129 was selected as the method to rank the features.

The mRMR method tries to find features that maximize the mean value
of mutual information between all individual features and the target class,
i.e. the maximal relevance. However, it is likely that these features have a
large dependency on each other. Therefore, the minimal redundancy criterion
is added, and it is based on the mutual information between the individual
features. The balance between the two criteria is optimized by finding the set
that maximizes the difference between the maximal relevance and minimal
redundancy.

The calculations were made with the implementation provided by Peng et
al.129 made available on.130 The method requires discretization of the features
and that was made by having three states when using thresholds at mean ±
standard deviation.130

5.2.6 Classifiers

The benchmark AF classifier (Fig. 5.3 (1)) for the binary classification using
the selected IPI-features as input was a generalized logistic regression model.
The probability for the 30-second window to contain AF was given by the
function:

yAF (t) = eX(t) · b

1 + eX(t) · b , (5.8)

where t is the index of the window, X(t) a vector containing the feature values
for the window at time t, and b a vector of the model coefficients.

The threshold for the probability was selected as the one that maximizes
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Youden index101 J defined as

J = TP
TP + FN + TN

TN + FP − 1, (5.9)

where TP are true positives, FN false negatives, TN true negatives, and FP false
positives.

The multi-rhythm classifier (Fig. 5.3 (2)) to perform the classification into
AF, AFL, and other, was a Random Forest (RF) model79 taking as input the
selected IPI-features and the additional 16 PPG, IPI, and accelerometry features.
RFs are ensembles of decision trees that are grown in parallel by selecting a
random subset of features to grow each tree. The final classification is based
on a majority vote given by the classifications of each individual tree. RFs
have a few beneficial characteristics, such as that they are relatively robust to
noise and outliers, and can give useful internal estimates about the error and
importance of the variables. The latter is an advantage with the small dataset
because performing a feature selection for the multi-class problem is more
challenging than for the binary case.

5.2.7 Cross-validation

For selecting the number of features for the benchmark AF classifier, leave-one-
subject-out cross-validation with the training set was used. The performance
was calculated by using the data of one subject for testing and the data of the
remaining subjects for training. The number of features went from one to
six by adding the features in the order given by the mRMR. The number of
features reaching the highest accuracy was selected.

The multi-rhythm classifier was also evaluated with the training set by using
10-fold cross-validation. In order to maintain an equal distribution of the three
classes in every fold, the dataset was divided in 10 sets of equal size that were
stratified by the classes but not by patients because of the number of AFL
patients. The training and testing was performed 10 times with each of the 10
sets serving as a test set once.
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5.3 RESULTS

5.3.1 Training set

The mRMR selection method on IPI features was used for each of the three
class divisions. For AF vs. non-AF classification gave the following ranking
independent whether AFL was included in non-AF rhythms or completely ex-
cluded from the analysis: pNN70, SampEn, ShEn, CoSEn, pNN40, nRMSSD,
starting from the most relevant one. When AF and AFL vs. other classification
was considered, only pNN70 and pNN40 switched order with each other in
aforementioned ranking. Based on the leave-one-subject-out cross-validation,
the best accuracy was obtained by combining the first three features. The
Receiver Operating Characteristics (ROC) curve of the models combining
these three features are presented in Fig. 5.4 when AFL is either included in or
excluded from non-AF rhythms, or completely excluded from the analysis. The
results are calculated with 43.6% of the data after the windows not containing a
sufficient number of IPIs or the reference was labeled as artifact were excluded.
The median (lower - upper quartiles) coverage per patient was 47.0% (29.6 -
56.2)%.

Figure 5.4 shows the operating points for the three binary AF classifiers
selected by maximizing J . The model AF vs. AFL and other had sensitivity of
93.6% and specificity of 88.2%. Misclassification of AF occurred primarily in
presence of SVPB, and AFL, i.e. other arrhythmia generated from the atria,
as shown in Fig. 5.5 on the left. The presence of VPB caused relatively little
false detections of AF. The model that classified AF and AFL vs. other had
better sensitivity and specificity (95.2% and 90.4%). With this model the false
negative classifications were mainly due to AFL, as shown on the right of
Fig. 5.5. The best performance for binary classification with sensitivity of
98.2% and specificity of 90.9%, was obtained when AFL was not present in
the data.

The multi-rhythm classifier was a RF model consisting of 100 trees and
classified the 30-second windows into AF, AFL, or other rhythm. The results
calculated with cross-validation are listed in Tables 5.4 and 5.5. Table 5.4
is the confusion matrix of the classifications and in Table 5.5 the results are
presented as one class vs. all the rest in terms of sensitivity, specificity, positive
predictive value (PPV), and accuracy.

5.3.2 Test set

The results of the test set were first calculated with the benchmark AF models.
The test set had a coverage of 41.6%, with the remaining windows excluded
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Figure 5.5: The distributions of the rhythm classes of the false positive AF detections (left) and
false negative AF and AFL detections (right) with IPI-models in the training set.

due to insufficient IPIs or the ECG reference being labeled as artifact. The
median (lower - upper quartiles) proportion of windows included for each
subject was 42.2% (31.1 - 50.1)%.

For AF vs. AFL and other classification, the sensitivity and specificity were
96.1% and 96.2%, respectively. When AF and AFL were included in the same
class against the rest, the sensitivity decreased to 58.9% and specificity to
92.5%. The best classification performance was again obtained when AFL
was completely excluded from the analysis, the sensitivity being 99.1% and
specificity 95.4%.
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Table 5.4: Confusion matrix of the classifications with the multi-rhythm classifier of the training
set

Predicted label

AF AFL Other N. windows
Tr

ue
la

be
l AF 97.2% 0.7% 2.2% 11468

AFL 9.9% 86.3% 3.8% 2261

Other 3.0% 0.0% 97.0% 21281

Table 5.5: Classification performance of the multi-rhythm classifier with the training set

Rhythm type Sensitivity Specificity PPV Accuracy

AF 97.2% 96.4% 92.8% 96.7%

AFL 86.3% 99.7% 95.5% 98.9%

Other 97.0% 97.6% 98.5% 97.2%

The results of the multi-rhythm model are presented in Tables 5.6 and 5.7.
The sensitivity and specificity for detecting AF were 97.2% and 98.2%, respec-
tively. AF and other rhythms were rarely detected as AFL, and the specificity
for AFL was 99.7%. The most false detections are with AFL detected as other
rhythm.

5.4 DISCUSSION

This is the first study showing that both AF and AFL detection is possible
from PPG data in daily life. We demonstrated that many of the false positive
classifications of a benchmark AF classification model were due to instances
of AFL. When considering AFL to be classified with AF as the same class,
it was often missed by the benchmark model. The presented multi-rhythm
classification algorithm showed much improved performance, particularly
making less false positive AF detections, when trained to classify both AF as
well as AFL. As the results with the benchmark AF models show, the rhythm
characteristics when using the IPI-features did not belong to either of the
binary classes, i.e. AF and other, and decreased the classification performance.
Therefore, considering AFL as a separate class can be beneficial also in terms
of improving AF detection and not only for giving classification for the rhythm
type itself.
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Table 5.6: Confusion matrix of the classifications with the multi-rhythm classifier of the test set

Predicted label

AF AFL Other N. windows
Tr

ue
la

be
l AF 97.6% 0.7% 1.6% 3264

AFL 1.7% 84.5% 13.8% 2793

Other 1.8% 0.1% 98.1% 6747

Table 5.7: Classification performance of the multi-rhythm classifier with the test set

Rhythm type Sensitivity Specificity PPV Accuracy

AF 97.6% 98.2% 95.0% 98.1%

AFL 84.5% 99.7% 98.7% 96.4%

Other 98.1% 92.8% 93.8% 95.6%

Combining information from the PPG signal, IPIs, and accelerometer im-
proved the classification accuracy and enabled discrimination of AFL from AF
and the other rhythm types. Adding features from the PPG waveform helped
in detecting AFL compared to using only IPI-information. In previous work,
a comparison of PPG pulses gave different results in a patient suffering from
a regular form of typical AFL than in patients with AF or other rhythms.131

Moreover, some of the features derived from the PPG waveform have been
used to discriminate ventricular arrhythmias.118 The PPG waveform character-
istics have been also studied in the context of force-interval relationship during
AF132 and mechanical alternans.133 This could indicate that the PPG waveform
itself contains information about different rhythms and cardiac function.

Discriminating AFL from AF has been also possible based on RR interval
series when a multilevel model of the atrioventricular node was used.134 Here,
we included the Markov model approach to process the IPI and PPPI series in
order to classify these two rhythms. Thus, the RR intervals or IPIs also contain
valuable information when processed in an adequate manner.

The validity of the windows to be analyzed was judged based on the number
of pulses detected in that window, but no further signal quality analysis was
made. The method detecting the pulses already considers the body acceler-
ation and therefore the number of pulses indirectly already reflects this. In
addition, some of the features included in the RF model have been developed
or used previously for PPG signal quality assessment, and information of the
body acceleration was also given as an input. This may have improved the
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classification of the more noisy segments.

The study suffers from some limitations. In the dataset, all the patients that
suffered from AF, had it continuously. For datasets with intrapatient rhythm
variability, data measured before and after electrical cardioversion have been
used in different studies to investigate AF detection with PPG. This reflects a
hospital setting but not ambulatory monitoring, which is where the wrist-worn
applications can really add value. Studies that show AF detection with PPG in
ambulatory setting are very few. Shen et al.135 had measurements from 3 to
8 hours and mention subjects with rhythms that change over time. However,
these include AF and eight other rhythms and the proportion of paroxysmal AF
remains unclear. Sološenko et al.116 presented in their study a dataset measured
for approximately 22 hours per subject in cardiac rehabilitation. Similarly to
our study, all the AF subjects had continuous AF.

The number of AFL subjects in the dataset was less compared to the other
groups. AFL can have different rhythm characteristics depending on the type
and therefore can vary between subjects. The results between the training
set and test set in AFL classification differ slightly due to the different types
of AFL cases, e.g. very regular AFL being misclassified as other rhythm in
the test set. Yet, the results remain relatively similar when compared to the
benchmark AF models.

Premature beats were not separately classified in this work because of the
small number compared to other beat types nor were they suppressed in order
to reduce false positive detections. Furthermore, the classification was done
in windows which makes identifying individual beats difficult. As Fig. 5.5
shows, premature beats had an impact on false positives when only IPI-based
features were used in the classification. Adding PPG-waveform and accelerom-
etry features helped in improving specificity by also reducing false positives
caused by premature beats and not only by AFL. Understanding the effect on
the classification accuracy caused by higher burden of premature beats and
variability in their beat patterns between patients remains for future research.

The dataset was divided into training and test set in order to leave some of
the recordings untouched while developing the models. The split was done by
patients and no data from a patient assigned to the training set ended up in the
test set. Therefore, it was not possible to match the rhythm class distributions
completely between the two sets. The characteristics of the sets may, therefore,
not be entirely comparable, which is reflected especially in the results of the
benchmark AF model.

The choice to use RF was made because of the class distribution and the
ability of RF to give information about the feature importance. The model
has many advantages, but one drawback is poor interpretability. For clinical
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applications, more transparent options of models may be more suitable when
larger datasets are available.

The selected approach was based on calculating the features in 30-second
non-overlapping windows. The features based on the IPIs require a sufficient
amount of data for the calculations, and missed pulses caused the data to be
discarded, thereby reducing coverage to approximately 45%. The coverage
of our approach could be improved by reducing the number of IPIs required
per window or by using overlapping windows. However, the effects on the
classification performance should be studied. Sološenko et al.116 used an
approach to classify every beat separately, which resulted in a higher coverage
(89.2%) during 24-hour measurements. However, the sensitivity for AF with
this coverage was only 72.0%. When 50% of the data was judged as analyzable,
the sensitivity increased to 97.2% and specificity was 99.6%.

5.5 CONCLUSION

In this study, we demonstrated that PPG and acceleration measurements at the
wrist can be used to discriminate between AF, AFL, and other rhythms in daily
life. We showed that with an AF vs. non-AF model and AF and AFL vs. other
rhythms model that used only information derived from inter-pulse intervals,
the false detections were for a large part caused by AFL. The multi-rhythm
model included more information from the wrist measurement, such as features
from the PPG waveform and accelerometer data. This model was not only able
to improve the overall performance of AF detection, but could also classify
AFL with high accuracy. The results of this study indicate that the PPG signal
contains sufficient information, derived both from the waveform and IPIs, to
accurately classify between AF, AFL, and other rhythms. Thus, PPG could
provide promising means to detect AFL along with AF.
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BEYOND ARRHYTHMIA

DETECTION
Abstract - Force-interval relationships (FIRs) of the heart represent the relationships
between inter-beat intervals (IBIs) and strength of the ventricular contractions. These
relationships are typically measured invasively and are altered from normal in heart
failure (HF). An unobtrusive and continuous measurement of FIRs could be beneficial
when HF and atrial fibrillation (AF) coexist in order to understand if AF causes
progression of HF. We hypothesize that FIRs could be assessed during AF with IBIs
and hemodynamic changes captured unobtrusively by photoplethysmography (PPG)
at the wrist. FIRs were assessed by using Spearman’s rank correlation between the
pulse onset change in the PPG waveform and either the preceding or pre-preceding
IBIs (rpre and rpre−pre) in 5-minute segments. 32 patients (14 continuous AF, 18
no AF) were measured during the night with PPG and electrocardio-graphy as a
reference. The mean and standard deviation of rpre were -0.25 ± 0.08 and 0.05 ±
0.12 (p < 0.0001), and of rpre−pre 0.60± 0.09 and 0.16± 0.14 (p < 0.0001), during
AF and sinus rhythm, respectively. Areas under the Receiver Operating Characteristics
curve were 0.987 and 0.998, respectively. Thus, during AF the IBIs correlate with the
beat-to-beat changes of blood volume measured with PPG, likely to indicate that FIRs
can be measured unobtrusively with the PPG signal.

Based on: L.M. Eerikäinen, A.G. Bonomi, L. Dekker, F. Schipper, R. Vullings, R.M. Aarts,
“Force-Interval Relationships of the Heart Measured With Photoplethysmography During
Atrial Fibrillation”, Computing in Cardiology, 2018, Creative Commons Attribution 4.0
License.
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6.1 INTRODUCTION

F ORCE-INTERVAL relationships (FIRs) of the heart, i.e. post-extrasystolic
potentiation (PESP) and mechanical restitution (MR), represent the relation

between the length of a preceding or a pre-preceding inter-beat interval (IBI)
and the strength of contraction that follows.136 In PESP, the beat following
an extrasystole is potentiated, i.e. the contraction is stronger, which is a
phenomenon known already for 120 years.137 The MR, in turn, represents the
recovery of the contractile strength after an extrasystolic beat.136

In heart failure (HF) the contractile capacity of the heart is reduced and
a number of studies have shown that FIRs of a failing heart are different to
those of non-failing hearts.138–140 The cause of the difference is not entirely
understood, but is presumably due to altered Ca2+ handling of the myocardial
cells.141 Studies of FIRs have been commonly conducted with invasive mea-
sures in laboratory settings, although recently Sinnecker et al.142 stated that
FIR assessed by an unobtrusive blood pressure measurement predicts mortality
in survivors of myocardial infarction with atrial fibrillation (AF).

AF is the most commonly experienced sustained cardiac arrhythmia. It is
characterized by an abnormal electrical activity of the atria which causes the
heart to beat irregularly. Studies have shown that, related to this irregularity, the
contractility of the heart varies beat-to-beat as a consequence of FIRs.143–145

AF often coexists with HF and the clinical outcome of patients with this
coexistence is particularly poor compared to those having only one of the
two conditions.146 For some HF patients with reduced ejection fraction, AF
causes symptomatic deterioration whereas for others AF does not affect the
patient’s condition, the difficulty being the identification of the two groups of
patients.147

Photoplethysmography (PPG) is an unobtrusive measurement modality that
has recently gained much interest due to its ease of use and applicability for
long-term monitoring, e.g. in wrist-based wearable devices. PPG measures
blood volume changes in the vascular bed of the tissue and enables heart rate de-
tection from the pulses in the signal. In case of AF, promising results have been
presented for detection of AF episodes with continuously measured wrist-worn
PPG by assessing rhythm irregularities.86 However, there is limited knowledge
whether continuous PPG monitoring during AF could have additional value
beyond rhythm irregularity assessment, considering that PPG also captures
hemodynamic effects.

We hypothesize that the beat-to-beat contractility variations during AF may
be reflected as pulse-to-pulse variations in the PPG waveform. The assumption
is that during irregular rhythm FIRs can be observed and there is a stronger
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correlation between IBIs and variations in pulse morphology. Here we present
a study about the relationships between IBIs and PPG signal morphology
variations during AF that could possibly serve as an unobtrusive method to
assess FIRs.

6.2 METHODS

6.2.1 Data

The dataset consisted of 24-hour measurements of electrocardiography (ECG),
PPG and accelerometer from 40 subjects. PPG and accelerometer were mea-
sured with a wrist-worn data logging device equipped with the Philips Cardio
and Motion Monitoring Module (CM3 Generation-3, Wearable Sensing Tech-
nologies, Philips, Eindhoven) and an ECG reference with a 12-lead Holter
monitor (H12+, Mortara, Milwaukee, WI, USA). The measurement protocol
and devices are described in more detail in.86

The ECG data were visually analyzed by a clinical expert using an automated
rhythm detection software (Veritas, Mortara, Milwaukee, WI, USA). The ECG
beat times were extracted by the software and every beat was classified either
as normal, supraventricular or ventricular premature contraction, AF, paced,
artifact, or unknown. The rhythm was then confirmed or corrected by the expert.
In addition to rhythm information, the collected data included patient diaries
of the daily activities, and baseline characteristics, medical characteristics,
and information about medication which were retrieved from the medical
records.

For the analysis, patients with atrial flutter or very noisy ECG reference were
excluded. This resulted in 32 patients of which 14 had continuous AF (age
(years, m ± sd): 68 ± 11, males: 71%, BMI (kg/m2, m ± sd): 29.8 ± 6.9) and
18 showed normal sinus rhythm with premature contractions (age, (years, m ±
sd): 67 ± 14, males: 50%, BMI (kg/m2, m ± sd): 28.1 ± 5.6).

6.2.2 Features

The PPG data was downsampled from 128 Hz to 64 Hz and preprocessed
by filtering with a bandpass filter to the range from 0.3 to 5 Hz. The pulses
were detected by identifying fiducial points in the PPG waveform such as the
onset of the pulse. The major fluctuations in the PPG signal were removed by
subtracting a cubic spline fitted to the point of the maximum gradient of the
rising pulse slope.148 The IBIs were calculated as the time differences between
two consecutive pulse onset times. Based on the IBI sequence from PPG and
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the IBI sequence from the ECG reference beat-times, the reference beat labels
were aligned with the PPG pulses.

The analysis was limited to the period at night between the times that patient
had reported going to bed and getting up in the morning with the purpose
of having less movement artifacts in the signal. The time stamps were se-
lected manually around the reported sleep and awake times by looking at the
accelerometer data.

Figure 6.1 shows an example of recorded PPG waveform during AF with six
PPG pulses and the variables that from here on will be referred as pre-preceding
inter-beat interval (IBIpre−pre), preceding inter-beat interval (IBIpre), and
difference in the PPG signal between two consecutive pulse onsets (i) and
(i−1) (onsetdiff ). IBIpre is the time difference between the pulses (i) and
(i−1) and IBIpre−pre between the pulses (i−1) and (i−2). The onsetdiff
could indirectly reflect the change in end-diastolic volume. This is, in turn,
related to the change in stroke volume and end-systolic volume, which are
known to be influenced by FIRs.145
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Figure 6.1: Example of PPG pulses, onsetdiff , IBIpre, and IBIpre−pre during AF.

The relationship between IBIs and onsetdiff were analyzed with Spearman’s
rank correlation. Spearman’s rank correlation was selected because of the non-
linearity of the relationship. IBIs < 200 ms and > 2000 ms were discarded
from the analysis before assessing the correlation. The correlation coefficients
between IBIpre−pre and onsetdiff (rpre−pre), and IBIpre and onsetdiff (rpre)
were computed in 5-minute segments shifting by 60s and including segments
containing at least 180 IBIs. In every segment top and bottom 2% of onsetdiff
values and corresponding IBIs were discarded to exclude outliers. Moreover,
segments including premature contractions were excluded from the analysis
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since these also induce FIRs and the focus of the analysis was in FIRs during
AF.

6.2.3 Statistical analysis

The difference between the distributions of correlation coefficients rpre and
rpre−pre during AF compared to sinus rhythm was assessed with Mann-
Whitney U-test. In addition, Receiver Operating Characteristics (ROC) were
analyzed in order to understand to which extent the two correlations are differ-
ent in the AF and sinus rhythm groups.

6.3 RESULTS

The relationships between the inter-beat intervals (IBIpre−pre and IBIpre) and
onsetdiff when computed in a 5-minute segment during AF are shown in
Fig. 6.2. It illustrates a similar positive trend of onsetdiff in relation to pre-
preceding IBI and a negative trend in relation to preceding IBI which is similar
to the relationships of the IBIs and end-systolic volume as in145 during AF.

Histograms of correlation coefficients rpre and rpre−pre computed for IBIpre
and onsetdiff , and IBIpre−pre and onsetdiff , respectively, are presented in
Fig. 6.3. The mean and standard deviation of rpre were -0.25 ± 0.08 and
0.05 ± 0.12, for AF and sinus rhythm, respectively, and of rpre−pre 0.60 ±
0.09 and 0.16 ± 0.14. In both cases the Mann-Whitney U-test confirmed that
the difference in the distributions of rpre and rpre−pre between the AF and
sinus rhythm group was statistically significant (p < 0.0001). Of all computed
rpre 94.84% were significantly different from zero (p < 0.05) during AF with
respect to 23.66% when AF was not present. For rpre−pre the percentages
of nonzero correlation were 99.98% and 58.37% for AF and sinus rhythm,
respectively.

Figure 6.4 shows the ROC curves for the correlation coefficients rpre and
rpre−pre, with the areas under the curve 0.987 and 0.990, respectively.
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Figure 6.2: The relation between preceding IBI (IBIpre) and pulse onset difference (onsetdiff )
(top) and between pre-preceding IBI (IBIpre−pre) and pulse onset difference (below) in a
5-minute segment when every point represents a beat.
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Figure 6.3: Histograms of rpre (left) and rpre−pre (right) during AF and sinus rhythm.
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Figure 6.4: ROC curves for rpre, and rpre−pre.

6.4 DISCUSSION

We presented two features that could represent FIRs in the PPG signal during
AF. The beat-to-beat variability of IBIs during AF shows a relation with blood
volume changes which cannot be observed when there is little variability,
i.e. during sinus rhythm. The mean correlation coefficients between IBIs
and pulse onset changes during AF obtained in this study are similar to the
ones presented by Brookes et al.145 with IBIs and end-systolic volume. The
unobtrusive continuous assessment of FIRs, and whether they change with
time, can be particularly interesting when AF and HF coexist, since AF can
increase symptoms and cause further progression of HF.146 Moreover, AF can
induce HF. Continuous monitoring could possibly help in noticing early on
deterioration in the patient’s condition, enabling interventions or changes to
treatment and preventing further deterioration.

As a limitation, an invasive reference measure of contractility was missing in
this study. In addition, new studies are required for investigating whether the
unobtrusive measures from PPG presented here show a difference between HF
patients and patients with non-failing hearts.
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6.5 CONCLUSION

The relationship between IBIs and pulse-to-pulse morphology variations in the
PPG signal during AF could reflect the FIRs of the heart. This will provide an
interesting unobtrusive parameter to study further in the group of patients with
AF and HF, first by confirming the findings with experiments in a controlled
setting using an invasive measurement as a reference, and later on with the aim
of improving disease management in this patient group.





Epilogue





7
DISCUSSION AND FUTURE

PROSPECTS
This chapter discusses the research conducted in the thesis and proposes
directions for further research.

Partly based on: L.M. Eerikäinen, A.G. Bonomi, L.R.C. Dekker, R. Vullings, R.M. Aarts,
“Atrial fibrillation monitoring with wrist-worn photoplethysmography-based wearables:
State-of-the-art review”, Cardiovascular Digital Health Journal, vol. 1, No. 1, 2020,
Creative Commons Attribution 4.0 License.
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7.1 GENERAL CONCLUSIONS AND DISCUSSION

T HE most important tool currently for monitoring cardiac arrhythmias is
electrocardiography (ECG). However, it has its limitations and alternative

monitoring solutions have been investigated to serve as complementary modal-
ities for ECG. In the context of intensive care, other measurement modalities,
such as arterial blood pressure (ABP) and photoplethysmography (PPG), are
present and can be used for deriving information about heart rate and hemody-
namics of the patients. For continuous long-term monitoring, surface ECG is
not suitable because of the skin irritation and poor signal quality over time of
wet gel electrodes, whereas invasive alternatives are costly.

This thesis studied the additional value of pulsatile waveforms, ABP and
PPG, to arrhythmia monitoring in clinical setting and daily life. In Part I,
first, the problem of high number of false alarms for critical arrhythmias was
approached using available waveforms to assess signal quality and selecting the
best quality data for classifying alarms. Using a multi-modal approach resulted
in a significant reduction of false alarms. Second, it was shown that atrial
fibrillation (AF) detection with PPG measured at the wrist when developed
with data coming from a clinical setting, did not translate in terms of detection
accuracy directly to daily life. This suggests that measurement context and
patient population are important when developing AF detection methods with
PPG for a specific purpose. Part II builds on this conclusion and focuses on
development and evaluation of methods for AF detection with wrist-worn PPG
in daily life with 24-hour measurements. The influence of movement to the
detection accuracy was first assessed with the conclusion that the acceleration
data can be used for selecting data of good quality and to improve accuracy, but
at the cost of measurement coverage. An improved coverage with comparable
accuracy was obtained by extracting more information from the PPG waveform
than in the previous approach and including movement information in the
model instead of a preprocessing step. In addition, this information enabled
distinction of AF and atrial flutter (AFL). Finally, the relationship between
waveform characteristics and inter-beat intervals when extracted during irregu-
lar and regular rhythms was studied, and this relationship could relate to the
force-interval relationship of the heart. From the findings in this thesis, it can
be concluded that pulsatile waveforms add valuable complementary informa-
tion to ECG in cardiac arrhythmia monitoring and that characteristics of PPG
waveform should be studied beyond extracting information that is surrogate
for known ECG features, such as heart rate and inter-beat intervals. Accurate
cardiac arrhythmia detection is possible using PPG signals and potentially
useful for screening AF and preventing strokes.
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The following sections will discuss more in detail the reduction of false
cardiac arrhythmia alarms in clinical setting (Section 7.1.1.1) and in daily
life (Section 7.1.1.2), and Section 7.1.2 will focus more on atrial fibrillation
detection with wrist-worn PPG in general. Key findings, contributions, and
limitations related to the work conducted in this thesis are highlighted as bullet
points. Section 7.1.2 also summarizes the current knowledge on AF detection
based on the development during the years 2016-2019, discussing the potential
and the knowledge gaps related to the technology when aimed for long-term
monitoring. More details about the studies about AF detection with wrist-worn
PPG-based wearables are listed in the Appendix.

7.1.1 Reduction of false positive cardiac arrhythmia detections

Accurate arrhythmia detection when using automated detection methods is
extremely important. For different use cases, the implications of false detec-
tions vary, but nonetheless these should be avoided. In intensive care, excess
of false alarms causes desensitization to the alarms, which can lead to missing
real events requiring intervention. In addition, audible alarms increase noise
level that causes stress both to patients and caregivers. In daily life monitoring,
false alarms will cause worry to the patients and burden the healthcare system
by initiating investigations that are not necessary. The cause of false positive
cardiac arrhythmia detections is often poor signal quality, which can be due to
movement or poor sensor contact.

7.1.1.1 Clinical setting

In intensive care, the types of warnings given by the monitoring system vary
depending on the type of the detected event. Audible alarms are given to the
life-threatening cardiac arrhythmias. The triggered alarm might be based on
limited or poor quality information available and deemed false after visual
inspection of more information. Available information for classification was
increased in Chapter 2 by comparing two ECG leads and pulsatile signals, ABP
and PPG, to determine the two best quality signals from the available ones
instead of relying only on ECG. Information about heart rate was derived from
these signals and used for classifying arrhythmia alarms either true or false.
The results presented in Chapter 2 show a significant decrease in the number
of false alarms and are comparable to the ones obtained with other approaches
developed with the same public dataset in the context of the PhysioNet/CinC
Challenge 2015 the dataset was initially published for.149
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� Adding more information to the automated cardiac alarm classification by
comparing signals from different sources for determining signal quality,
lead to reducing the number of false alarms in intensive care.

� Alarms for ventricular tachycardia were the most difficult to classify.
From pulsatile signals, assessing whether a heart beat originates from the
atria or the ventricles is much more challenging than from ECG.

� More features from the pulsatile signals in addition to heart rate could
be valuable for classification. The dataset used in the current analysis
posed some challenges, e.g. the number, composition, and quality of the
available signals varied between recordings, leading to missing pulsatile
signals for some of the subjects.

7.1.1.2 Daily life

For daily life use, PPG is a suitable non-invasive and low-cost technology to
extract heart rate and rhythm information. First, smartphone camera-based
PPG measurements have been proposed for discriminating AF,50, 51, 93 which
was followed by several studies investigating AF detection with wrist-worn
devices, eventually the aim being non-invasive long-term monitoring of AF in
daily life.

PPG is prone to artifacts due to movement or poor sensor contact and there-
fore robustness of the AF detection algorithm is an important aspect to consider
when using PPG measured at the wrist. Poor quality data can be either dis-
carded from the analysis or the algorithm developed must be robust to the
presence of noise. The accuracy of AF detection related to measurement
setting and data quality was studied in Chapters 3 and 4.
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� The classification performance of AF detection based on wrist-worn PPG
differed between data measured in clinical setting and in daily life due to
differences in activity level and patient characteristics.

� In the clinical setting, sensitivity was higher and specificity lower com-
pared to the daily life setting. This can be due to that in the clinical setting,
non-AF rhythms contained proportionally more premature contractions
than in daily life because the data was measured after the cardioversion
procedure.

� Selecting PPG data segments for rhythm classification based on ac-
celerometer data measured simultaneously at the wrist, improved the
classification performance, especially specificity and positive predictive
value, thus reducing false positives.

In the literature, part of the studies made with using wrist-worn PPG to
detect AF do not report assessing and excluding outliers or bad quality
data.110, 117, 150–154 Nemati et al.97 and Shashikumar et al.98 did not exclude
data, but selected the best channel from 8 measured PPG channels for analysis
based on signal quality metrics, which were derived from the raw PPG signal
and accelerometer data. Deep learning approaches have been used in order to
avoid discarding bad quality data109, 135 or to develop a separate signal quality
assessment algorithm to select the data to be analyzed.114 Other methods to
discard data as noisy include assessing motion level from the accelerometer
data,112, 113 using standard deviation of the acceleration signals118 or deviation
from the acceleration of gravity,85 combining information on signal-to-noise
ratio and accelerometer data,120 analyzing pulse morphology,116 and excluding
outlier beats or inter-beat intervals.84, 155 Harju et al.155 selected the included
beats based on whether they were correctly detected according to the ECG refer-
ence measurement. Combining signal quality metrics within the classification
algorithm is discussed in Section 7.1.2.

The number of false positive AF detections can be also heavily influenced
by other irregular rhythms. One study assessed the feasibility of AF screening
with a smartphone camera,156 which was based on a spot measurement of PPG
initiated by the user, with 12 328 participants in the general population. Among
the AF detections given by the algorithm, 23.7% were AF, but 34.2% were
triggered by other irregularities, mainly frequent and irregular ectopic beats.
Therefore, for development of AF detection methods, presence of other rhythm
irregularities is important to include in the development data. In Chapter 5,
multi-rhythm classification from wrist-worn PPG was studied.
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� In AF detection based on traditionally used inter-beat interval features,
when atrial flutter was also present, the number of false positives were
mainly caused by atrial flutter and premature atrial contractions.

� Combining features derived from inter-beat intervals, PPG waveform, and
accelerometer data with machine learning and classifying the rhythms into
three classes instead of AF against the rest, better accuracy and smaller
number of false positives was obtained.

7.1.2 PPG-based atrial fibrillation detection in daily life

Atrial fibrillation can have serious health consequences, such as stroke or heart
failure.5 The prevalence of AF is expected to increase in the future157 and there-
fore solutions for timely diagnosis and treatment are needed in order to prevent
stroke and other adverse events caused by this arrhythmia. From a population
health perspective there is a need for effective screening strategies.158

Several studies have shown that continuous and prolonged monitoring with
implantable devices increases detection of AF in populations that have high
stroke risk or survived a stroke.23, 25, 106, 159 Continuous long-term monitoring
can be performed currently with implantable loop recorders (ILRs) that are
subcutaneous devices recording ECG. They have been designed to overcome
the limitations of intermittent monitoring and lack of information on AF burden
and density. The indication for monitoring can be suspected AF, e.g. in case
of stroke, or need for long-term monitoring for AF management.92 However,
these devices are costly. ILRs are considered cost-effective in cryptogenic
stroke patients,160 but relevant cost-savings could be made if non-invasive
technologies were available for long-term monitoring.

The challenge with the new proposed solutions today is that, as stated in the
recent EHRA position paper, in relation to AF screening “the role of consumer
cardiac monitoring using wearables in combination with apps is completely
undefined”.161 Two large scale studies monitoring general population in an
ambulatory setting, the Apple Heart Study162 and the Huawei Heart Study,163

have been conducted by monitoring volunteers with wrist-worn PPG for several
days and investigating whether this leads to diagnosing AF. Yet, from a techni-
cal perspective, the capabilities and limitations of the PPG-based wrist-worn
applications need to be well understood.

In this thesis work, the use of wrist-worn PPG as a possible solution to
detect AF and the topic was approached from different perspectives. Apart
from this thesis work, other studies on AF detection with wrist-worn PPG
have been published since 2016, which this section aims to summarize while
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discussing different relevant aspects of the research related to AF detection
with wrist-worn PPG aimed for long-term monitoring.

7.1.2.1 Study populations

In the development and validation of new methods, such as detection of AF
episodes using PPG, the size and diversity of the study population is important
in order to understand how generalizable the proposed solutions are. In the
context of AF, diversity can be related to age, presence of comorbidities,
medication, and different cardiac rhythms. When considering use of PPG-
technology for long-term monitoring, the health status of a person may have
an impact on the activity level. This in turn may influence the accuracy of the
technology because PPG measurement is sensitive to movement artifacts.

The study populations in terms of number of subjects vary
from 11 to 1617 and most of the studies include less than 100
volunteers.84, 85, 97, 98, 109, 110, 113, 114, 116, 118, 135, 150, 151, 154, 155, 164 Six stud-
ies had a study population larger than 100 subjects,111, 112, 117, 120, 152, 153 the
largest being 1617 volunteers monitored in ambulatory setting.152

The rhythm characteristics in the study populations vary between studies.
Some focus only on the distinction between AF and sinus rhythm (SR) whereas
others aim at classifying AF in the presence of other rhythms. Besides SR, other
rhythms include presence of premature atrial contractions (PAC)112, 113 and pre-
mature ventricular contractions (PVC),85, 112, 113 ventricular arrhythmia,118 and
atrial flutter, atrial tachycardia, and variable conduction.85 Corino et al.85 and
Fallet et al.118 classified other rhythms as a separate class from AF and SR. A
number of studies did not specifically report what rhythms the non-AF or other
rhythms included.97, 98, 116, 135, 151, 152, 154 Shen et al.135 mention that there were
8 other arrhythmias present besides AF. In addition, characteristics of AF vary
between permanent, persistent, and paroxysmal, because AF characteristics
evolve with time. Therefore, heart rate and complexity of the rhythm can be
different depending on the type of AF.
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� In the work presented in this thesis, the number of subjects for analysis
were from 16 to 40 in daily life and 20 undergoing cardioversion in the
hospital.

� The data from daily life used contained only continuous AF and parox-
ysmal AF episodes were not present. From other type of rhythms, the
data set included sinus rhythm, PACs, PVCs, and atrial flutter, adding
variability of other irregular rhythms.

� The limited number of subjects and a lack of paroxysmal AF cases are
limitations of the dataset used in this work.

In general, the studies have been conducted with older populations in which
AF is more prevalent. Most of the studies report ages for both AF and non-AF
groups, but some report only range or one average age. The mean age in the
group suffering from AF is in majority of studies above 70 years, the lowest
being 55.7 years. In the non-AF groups, the ages were on average slightly
lower.

7.1.2.2 Measurement setting and duration

The advantage of wrist-worn PPG-devices is that they are non-invasive and
comfortable to wear for long time periods in daily life. The extended monitor-
ing time can be helpful when aiming to detect intermittent AF episodes, but the
ambulatory monitoring poses more challenges because of movement artifacts
and compliance with the use of the device.

The measurement setting in most of the studies has been either hospital or
laboratory conditions where patients are either in supine or sedentary posi-
tion.84, 85, 97, 98, 109–112, 117, 118, 120, 150–153, 155, 164 The measurements have been
made before and after cardioversion,109, 110, 112, 150, 152 before or during catheter
ablation or electrophysiological study,84, 117, 118 in emergency care or cardiac
ward,153 with post-operative patients,155, 164 admitted patients,85, 97, 98, 151 and
in laboratory setting.111, 120, 150 The recordings made in these settings lasted
from few minutes up to a few hours.

Fewer studies have been performed in ambulatory setting either with patients
scheduled for a Holter,112, 113 patients in cardiac rehabilitation,116 patients
with implantable cardiac monitors (ICM),154 and an unspecified group of
patients and healthy subjects.135, 152 Figure 7.1 illustrates the percentage of
studies that monitored subjects on average the record length presented on the
x-axis or longer. The figure shows that 45% of the studies contain recordings
shorter than 30 minutes. For the studies that had both hospital and ambulatory
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cohorts, the record length based on the ambulatory cohort is included in the
graph. The work in this thesis is mainly based on 24-hour data from patients
undergoing Holter monitoring (Chapters 3, 4, 5, and 6), but also data from
patients undergoing cardioversion was used (Chapter 3).

Figure 7.1: The percentage of studies in which the average record length per subject was the
length on x-axis or longer.

� Comparison of AF classification performance between hospital setting
and daily life setting shows that evaluating the classification accuracy in
daily life is essential when developing AF detection models with wrist-
worn PPG for daily life.

� 24-hour data from patients undergoing Holter monitoring can already
represent a variety of daily activities and a realistic daily life setting.

� 24-hour data may still be limited when day-to-day variations are of interest
or when AF is paroxysmal and very infrequent.

7.1.2.3 Methods for AF detection and PPG data quality assessment

Various methods have been used for detecting AF episodes. The methods vary
in how easy they are to interpret and how easily their detection accuracy is
affected when the signal is noisy. Excluding noisy data can improve detection
accuracy. Therefore, automatic data quality assessment also plays a role in
automated AF detection.
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A common method to detect the presence of AF from a PPG signal is to assess
irregularity of the rhythm from the inter-beat interval (IBI) series. Different
features representing variability or entropy can be used to detect irregularity
in the beat sequence. These features have been used by setting thresholds
to determine whether AF is present,113, 117, 153 or have been combined with
machine learning to give a classification of the rhythm.84, 85, 164 The IBI series
have been also evaluated using a Markov model, which is a model that assigns
a probability of being AF to each interval.112, 155 In Chapters 3, 4, and 5 AF
detection with IBI features was studied, and in Chapter 6 a new feature based
on the relationship between IBIs and PPG waveform changes was presented.

� AF detection with PPG-derived IBI features obtained comparable clas-
sification accuracy in daily life compared to ECG when data PPG data
quality was assessed based on accelerometer signal.

� Heavy influence of movement in daily life was causing missing data and
reduced measurement coverage because the PPG pulses were not detected
or when data was chosen to be discarded as noisy.

� Information from accelerometer is not directly correlated to artifacts in
PPG signal and artifacts can be also caused by poor sensor contact or
micromotions that are not visible in accelerometer signal.

� The relationship between inter-beat intervals and pulse-to-pulse morphol-
ogy variations in the PPG signal during AF was distinguishable compared
to during sinus rhythm, and could reflect the force-interval relationship of
the heart.

In addition to time domain analysis of IBIs, other features that could charac-
terize the rhythm have been extracted from the signal. These include mainly
features from the frequency domain.98, 118 Signal quality metrics have also
been combined with the rhythm information, and the quality metrics have
been derived either from the PPG signal itself or from the accelerometer data
characterizing movement that is often measured with PPG at the wrist.97 IBI
features have been combined with this additional information with machine
learning.97, 98, 118 Chapter 5 studied combining multiple features for arrhythmia
classification in daily life.

� Accurate multi-rhythm classification was obtained with PPG-derived fea-
tures from time domain and frequency domain along with accelerometer
derived features using machine learning.
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In addition to traditional machine learning methods, deep learning approaches
have been proposed for AF detection from wrist-worn PPG.98, 109, 114, 135, 151, 152

Shashikumar et al.98, 151 extracted first time series information and frequency
domain information as the input for their deep learning network. Two ap-
proaches have been based on extracted heart rate and activity data.152, 154

Gotlibovych et al.109 combined the PPG waveform and accelerometer data
in their model whereas Aliamiri et al.114 used this information first with one
network to assess the quality of the PPG data and classified the rhythm with a
second network from the good quality PPG data. Only one of the deep learning
approaches was based on using only the PPG waveform without additional
quality assessments or adding other sensor information.135 Because of the
small size of the dataset used in this thesis work, the use of deep learning
methods was not explored.

7.1.2.4 Detection performance and measurement coverage

For screening applications, it is important to be able to detect the presence
of AF, but at the same time not to cause false positive detections. Especially,
the falsely detected AF episodes can cause worry and harm to the patient as
well as burden the healthcare system. The movement artifacts, which are more
usually present in daily life, can become an issue. Not making decisions about
presence of AF when the measured data is noisy improves detection accuracy,
but this has a negative impact on the measurement coverage. This in turn can
lead to missing AF episodes. Accuracies for AF detection were presented in
Chapters 3, 4, and 5.

� Comparison of different window lengths for feature computation showed
using that longer windows (120 s) gave the best classification results.

� An accurate detection of AF using wrist-worn PPG and acceleration
signals in daily life was obtained. Based on a single inter-beat interval
feature, the highest sensitivity and specificity were 98.4% and 98.0%,
respectively, with a measurement coverage of 25%. When combining
more information from PPG signal and accelerometry with machine
learning, coverage increased to 42.2%, and sensitivity and specificity
were 97.6% and 98.2%, even in the presence of atrial flutter.

� Atrial flutter was classified with 84.5% sensitivity and 99.7% specificity.

� The more selective the data quality assessment is, the lower the coverage
but better the detection performance.
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In the literature, most often the detection performance of the algorithms
is reported as sensitivity, specificity, and accuracy. All the three met-
rics are not always reported and some studies report additional metrics.
The studies reporting accuracy, present values above 90% except for one
study.84, 85, 97, 98, 110, 112–114, 116, 118, 120, 151 Solosenko et al.116 obtained accuracy
of 87% when 89.2% of the 21-hour measurements were analyzed. However,
when the quality requirement for the data to be analyzed was made stricter and
50% of the data were analyzed, the performance improved in terms of sensitiv-
ity from 72.0% to 97.2%, but the improved accuracy was not reported.

Within the studies that present sensitivity and speci-
ficity,84, 85, 97, 98, 109, 111–113, 116–118, 120, 152, 153, 155, 164 the median sensitivity
is 96.2% and specificity 97.7%. The highest sensitivity reported was 100%
when specificity was 93.1%150 whereas in the study where 100% specificity
was reported, sensitivity was 96% and 93% depending on the dataset.112

Gotlibovych et al.109 have reported both sensitivity and specificity close to
100% (99.8% and 99.9%, respectively).

In addition to sensitivity and specificity, some studies have reported
positive predictive value (PPV).111–113, 117, 118, 120, 152–154 In hospital set-
tings, the median PPV of the studies was 97.5% varying from 82.0% to
100%.111, 112, 117, 118, 120, 152, 153 In ambulatory settings, false positives are more
common. Tison et al.152 reported PPV of 90.9% when patients undergoing
cardioversion were monitored, but PPV of 7.9% in ambulatory setting. In the
long-term study of Wasserlauf et al.154 PPV was 39.9%. In 24-hour Holter
monitoring with very strict restriction on not analyzing data affected by motion,
reported PPV was 95.5%.113 Bonomi et al.112 maintained PPV of 100% both in
cardioversion and Holter cohorts with a slight drop in sensitivity from 96% to
93%. In their additional study population of 120 subjects free from arrhythmia,
21% of the subjects were detected with irregularities attributable to AF and
these episodes corresponded to <0.2% of the total monitoring time.

In the studies that do not exclude any data, the measurement coverage can
be assumed to be 100%. With short measurements and often in a hospital
setting, the coverage has been 50-95%111, 118, 120, 135 after noise removal. In
ambulatory setting, more disturbances to the measurement are present, which
can influence the coverage. Shen et al.135 reported final results with 100%
coverage with measurements from 3 to 8 hours in ambulatory setting. In other
ambulatory studies, with the measurement durations of approximately 24 hours,
the coverage has been 47-48%,112 and 50-89.2%.116
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7.1.2.5 Clinical evidence and relevance

Currently, ECG is the gold standard for diagnosis of AF. PPG technologies, as
a tool for supporting clinical decisions in patients, could be valuable for evalu-
ating the need and requirements for ECG monitoring when AF is suspected. In
addition, spot measurements of ECG could be made with wrist-worn devices
that combine both PPG and ECG97, 165 or with separate ECG devices con-
nected to smartphones or tablets166 when continuous PPG-based measurement
indicates rhythm irregularity.

The overview of studies investigating AF detection with wrist-worn PPG
measurements presented here shows that an excellent accuracy can in general
be obtained. However, when focusing on long-term monitoring, the results
of the studies should always be reflected on the circumstances, such as the
diversity of the study population and the setting in which the monitoring was
performed. The majority of studies has been conducted with hospitalized
patients and in a setting in which the study subjects are less active than during
ambulatory monitoring. Less studies have been performed in ambulatory
setting where movement artifacts are more likely to be present. Within these
studies the results vary more, especially the number of false positives and PPV.
Unreliable and bad quality data can be discarded to improve detection accuracy,
but this induces a data loss, leading to a trade-off between the performance and
measurement coverage. Development of new techniques for robust detection
methods are needed in order to obtain high accuracy and coverage in long-
term ambulatory monitoring. In addition, studies assessing the impact of
measurement coverage on the diagnostic yield are needed.

In many studies, the subjects with AF are often known to have AF or other-
wise have a high probability of arrhythmia. For example, hospitalized patients
and patients undergoing cardiac procedures such as cardioversion or cardiac
ablation. These populations may have different general health conditions,
comorbidities, and medication as compared to the more general population
targeted for screening.

The Apple Heart Study162 and the Huawei Heart Study,163 aimed to study
feasibility of AF screening in large populations by monitoring participants
for several days with wrist-worn PPG. Of the study populations, 0.5%162 and
0.2%163 were notified about irregular rhythms as an indication to contact a
clinical expert. This seems reasonable when considering the prevalence of AF.
As a part of their inclusion criteria, both studies required the participants to own
both an adequate smartphone and smartwatch. The prevalence of AF increases
with older age,167 but especially smartwatches are usually owned by younger
people.168 In the Huawei Heart Study, the mean age of the participants was 34.7
(±11.5) years with only less than 6% being above 54 years.163 In the Apple
Heart Study, this proportion of participants was 15.9%.162 Mass screening
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of the population that owns a consumer device, these being younger than the
groups at risk, is likely not to target the people suffering from undiagnosed
AF and increases the risk of causing false positives in a presumably healthy
population.

7.1.2.6 Comparison of studies

The heterogeneity of study populations, measurement settings, methodological
decisions, such as the segment length to be classified, and using different
metrics to report the results, makes it difficult to compare the methods and
results objectively. For the development of more accurate methods for detection
of AF, and possibly other arrhythmias, this is important. Currently, there is a
lack of publicly available labelled datasets of wrist-worn PPG measurements in
ambulatory setting, which would make this comparison possible. Availability
of a large dataset, which is representative for the population and measurement
conditions, would enable a fair comparison of different solutions and open the
possibility for more researchers to work on solutions. This would accelerate
the technical development and lead to more accurate solutions faster than
today. For ECG analysis, such progress has been made possible because of the
availability of various open source datasets and software, such as the ones on
PhysioNet.169

Different studies report their results with different metrics and often measure-
ment coverage has not been explicitly reported. Considering the importance
of false positives, reporting PPV is an important addition to sensitivity and
specificity. Coverage should be explicitly reported in order to understand if
there is a data loss which can possibly have an impact on the diagnostic yield.
In addition, subject characteristics, such as age and heart rhythms present
during the monitoring, may influence the performance of the detection method
and therefore should be included.

7.2 FUTURE PROSPECTS

The current limited number of studies about detecting AF with measuring
wrist-worn PPG in ambulatory setting calls for more studies showing how well
the technology works in daily life, especially on detecting individual episodes
and the duration of episodes. The optimal balance between measurement cov-
erage and detection accuracy is not yet fully understood. If full measurement
coverage with good accuracy can be obtained, continuous monitoring could
enable better assessment of AF burden and not only detecting presence of
AF. Moreover, more insight could be obtained on the daily patterns of the AF
episodes, whether they are related to triggers and have symptoms connected
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to them, and if medication is adequate for the management of AF. For the
latter, accuracy of heart rate measurement during AF episodes is of great im-
portance in order to assess whether heart rate stays within the desired limits.
Recently in the TACTIC-AF study,170 intermittent anticoagulation guided by
continuous monitoring of AF burden with pacemakers and implantable cardio-
defibrillators obtained promising results in patients with rare AF episodes and
low to moderate stroke risk. More research on the topic is warranted, but these
results on guided medication intake are an additional indication that unob-
trusive continuous AF monitoring could have value beyond screening if the
technical challenges related to the measurement coverage can be overcome.

The current knowledge on the ability to distinguish different types of ar-
rhythmia from PPG is still limited. More detailed distinction to different type
of arrhythmias could add value both in clinical setting and in daily life. In
daily life monitoring, the number of premature contractions and whether they
are atrial or ventricular could provide further understanding about symptoms,
possible false detections of AF, and risk of developing other arrhythmia. In
clinical setting, recognition of ventricular beats and arrhythmias from pulsatile
waveforms could further help in improving accuracy for alarming. In addition,
further development by using artificial intelligence to analyze data from multi-
ple sources during hospital monitoring could help in providing right alarms on
the right time.

The results in this thesis and in the literature show that accurate AF detection
from PPG is possible with the current methods. There are still challenges for
the methods to work accurately with poor signal quality and in the presence of
other arrhythmias. The interesting directions for methodological development
are in improving AF detection under circumstances that can induce many
artifacts, and distinguishing different types of arrhythmias from each other
and whether they originate from the atria or ventricles. In ECG analysis, both
visual and automated, P-wave analysis has an important role in AF detection
and diagnosis. Considering the underlying measurement principle of PPG,
the measured signal reflects ventricular activity. Whether with very advanced
data analysis techniques a surrogate for P-wave analysis from PPG signals can
be found, remains to be investigated. In addition, analyzing measured PPG
signals during different stages of AF, i.e. paroxysmal, permanent, etc., or even
prediction of possible AF can be interesting for future research. For prediction
of AF, underlying comorbidities are also important. Alternatively, AF can lead
to heart failure and studying long-term PPG-based monitoring of AF could be
of interest for potentially detecting deterioration of cardiac function earlier171

and leading to adequate treatment.

Similar studies as the Apple Heart Study and the Huawei Heart Study tar-
geting populations at risk of having AF are currently missing. The results
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and the accuracy of the solutions may change when most of the monitored
people have higher risk of having AF, but possibly also other arrhythmias
and comorbidities. In addition, there is a need for randomized trials to assess
whether detecting AF with wrist-worn devices in daily life leads to safe and
effective treatment for reducing strokes. The relation between stroke risk and
duration of device detected AF has been studied with implantable devices
with varying results.172, 173 Therefore, the insight on stroke risk related to
AF detected with wrist-worn wearables is important in order to understand
the value of the technology, on the one hand in terms of maintaining people
healthier and improving their quality of life, and on the other hand saving costs
and improving the healthcare system.
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APPENDIX
STUDIES ABOUT ATRIAL FIBRILLATION DETECTION WITH WRIST-WORN DEVICES MEASURING PHOTOPLETHYSMOGRAPHY

Number Rhythm Age Duration Detected Measure- Reference Detection Measure-
Author of type (years) Device of episode ment data performance ment

subjects recording duration setting coverage
Lemay et al.84 20 AF and SR Not Proprietary 2213 10s- Single Hospital 12-lead Sens: 99.38% Not

reported device epochs, one beat before ECG Spec: 56.64% explicitly

epoch per catheter annotated Acc: 93.76% reported

detected ablation by epoch

beat

Nemati et al.97 46 AF and 18-89 Samsung 3.5-8.5 Each Hospital Single- Sens: 97% Not

(36+10) other Simband min per record lead ECG Spec: 94% explicitly

rhythms subject Acc: 95% reported

Corino et al.85 70 AF, other AF: 76 ± 9 Empatica 10 min 2 min Hospital Not Sens: 75.4% 20%

arrhythmia, (58-89) E4 per reported Spec: 96.3% (the best

and SR SR: 40 ± 17 subject 2 min

(27-75) segment

Other: selected

65 ± 15

(48-92)



Shashikumar 98 AF and 18-89 Samsung Approx. 30 s Hospital Single- Sens: 89% Not

et al.98 other Simband 5 min per lead ECG Spec: 96% explicitly

rhythms subject Acc: 91.8% reported

Aliamiri 19 AF and SR Not Samsung 1443 30 s 30 s Not ECG Acc: 98.18% 50%

et al.114 reported gear epochs reported

device

Bonomi et al.112 20 + 40 AF and 73.1 ± 11.6 Data logger 1.9–2.8 h 1 min Hospital Single- Sens: 96% 47% and

(+120) other (45-87) with Philips and ECV and lead ECG and 93% 48%

rhythms and C3M module 21.9–39.2 h daily and Spec: 100%

67.4 ± 12.1 per subject life 12-lead and 100%

(34-87) ECG Acc: 98%

and 97%

Eerikäinen 30 AF and AF: 69 ± 11 Data logger 24 h 2 min Daily 12-lead Sens: 98.4% 25%

et al.113 other (43-79) with Philips per life ECG Spec: 98.0%

rhythms Other: C3M module subject Acc: 98.1%

67 ± 13

(34-87)

Fallet et al.118 17 AF, 57 ± 13 Proprietary 3056 10s- 10 s Hospital 12-lead Sens: 96.2% 71%

ventricular device epochs during ECG Spec: 92.8%

arrhythmias, ablation Acc: 95.0%

and SR procedure



Gotlibovych 53 AF and SR 37-85 Prototype 180 h data 0.8 s Hospital ECG Sens: 99.8% 100%

et al.109 fitness (36 h AF) ECV Spec: 99.9%

tracker and during

device sleep

outside

hospital

Harju et al.155 30 AF and SR AF: 74.8 ± 8.3 PulseOn 1-2 h 1 min Hospital ECG Sens: 99.0% Not

SR: 67.5 ± 10.7 optical per during Spec: 92.96% explicitly

heart rate subject post- reported

monitor operative

care

Hochstadt 20 AF and SR 74.1 ± 8.7 CardiacSense 30 min 30-250 Hospital ECG Sens: 100% Not

et al.150 per beats or Spec: 93.1% explicitly

subject laboratory reported

Shashikumar 97 AF and 18-89 Samsung 5-10 min 30 s Hospital ECG Spec: 100% Not

et al.151 other Simband per Acc: 95% explicitly

rhythms subject reported

Tison et al.152 51 + AF and 66.1 ± 10.7 Apple 40 min 5 s Hospital 12-lead Sens: 98% Not

1617 other and AF: Watch and 18.5 CV and and self- and 67.7% reported

rhythms 55.7 ± 14.2 million 5 s daily reported Spec: 90.2%

Other: measure- life persistent and 67.6%

41.4 ± 11.9 ments AF



Yousefi et al.164 30 AF and SR AF: 74.8 ± 8.3 PulseOn 1.5 h 30 IBIs Hospital ECG Sens: 99.2% 73.3%

SR: 67.5 ± 10.7 optical per during ± 1.3%

heart rate subject post- Spec: 99.54

monitor operative ± 0.64%

care

Dörr et al.120 672 AF and SR AF: 77.4 ± 9.1 Samsung 5 min 1 min University iECG Sens: 93.7% 78%

SR: 75.6 ± 9.8 Gear per center Spec: 98.2%

Fit 2 subject Acc: 96.1%

Fan et al.111 108 AF and SR AF: 66.56 Huawei 3 min 1 min Hospital 12-lead Sens: 95.36% 95%

± 13.17 Band 2 per ECG Spec: 99.70%

SR: 58 ± 14.78 subject

Kashiwa 20 + 116 AF and 62.7 ± 10.9 Pulse 368 h 6 min Hospital 2-channel Sens: 84.1% 100%

et al.117 other wave during ECG Spec: 97.7%

rhythms monitor, electro-

Seiko physiological

Epson study

Shen et al.135 82 AF and Not Not 8 h and 30 s Daily ECG Only AUC 100%

other reported reported 3 h per life patch reported

rhythms subject (94.8%)



Solosenko 34 AF and AF: 72.9 ± 8.9 Wrist- 21 h One Cardiac Single- Sens: 72.2% 89.2%

et al.116 other Other: 67.5 ± 10 worn per pulse rehabilitation lead Spec: 99.7%

rhythms device subject ECG Acc: 87.0%

developed

at Kaunas

University of

Technology

Väliaho et al.153 213 AF and SR AF: 72.0 ± 14.3 Empatica E4 5 min 2 min Hospital, 3-lead Sens: 96.2% Not

SR: 54.5 ± 18.6 per emergency ECG Spec: 98.1% reported

subject care or

cardiac

ward

Wasserlauf et al.154 24 AF and 72.1 ± 7.2 Apple 110 ± 35.7 1 h Daily ICM Sens: 97.5% Not

other Watch days life reported

rhythms

Yang et al.110 11 AF and SR 63 ± 12 Prototype 0.75-12 h 10 s Hospital ECG Acc: 92.71% Not

device ECV reported
Acc = accuracy, AF = atrial fibrillation, ECV = elective cardioversion, ICM = insertable cardiac monitor, IBI = inter-beat interval, Sens = sensitivity, SR = sinus rhythm, Spec =
specificity
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