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Atrial Fibrillation (AF) is a heart rhythm disorder. Hence, AF diagnosis is based on measurements which reflect the activity
of the heart. Detectable symptoms of the disease might not be present all the time. Therefore, the measurement duration
is positively correlated with the AF detection rate. Suitable measurements include photoplethysmogram,
electrocardiogram, and heart rate. The data volume, produced through long term measurement, mandates computer
support to automate the AF detection task.

Keywords: Atrial Fibrillation ; Computer Aided Diagnosis ; Electrocardiogram ; RR interval ; Photoplethysmogram ;
Physiological signals

| 1. Introduction

In this entry, we discuss the different measurements that can be used to support AF diagnosis. From a service
perspective, patient-led data acquisition is an important requirement. Imaging methods, such as echocardiogramI2E14]
and chest X-ray®l8 are unsuitable for measurements in the patient environment. Blood test biomarkers can be useful for
risk predictionld. However, it is not yet feasible to carry out either measurement or analysis in the home environment.

ECG and RR interval signals result from passive non-invasive measurements. These measurements can be carried out in
the patient environment. ECG results from measurement of the electric field emitted by heartl. The resulting signals
provide a good base for automated AF detection@!lXAILL This is because AF symptoms, such as poorly coordinated atrial
activation and turbulent cardiac beatingi3, alter the signal morphologyt314l18] RR interval signals can be extracted from
the ECG, and these signals are useful for detecting heart rhythm disorders, such as AF128. The following sections provide
further details concerning both ECG- and RR interval-based AF detection. Wearable Photoplethysmogram (PPG) might
provide an alternative for measuring the RR intervalsiZ,

| 2. Photoplethysmogram

PPG is an optical measurement that detects variations in light reflected from human tissue2&. The main feature of the
resulting signal is the peripheral pulse, which is synchronized with the R peaks in the ECG. Once the PPG signal is
captured, the beat-to-beat interval is measured and saved as an RR interval signal’®. Hence, the AF detection methods
are similar to those that process RR intervals extracted from ECG. The measurement can be done with mobile devices,
such as wrist watches2d. As such, the PPG measurement becomes an add-on feature for a mobile device, which keeps
the cost down. Widespread availability, combined with little extra cost for the sensor, might lead to a significant increase in
data volume. Given the right detection algorithms, that data can help to establish the presence of AF in the wider
population.

For user comfort, these devices can move around, which is likely to cause activity specific artifacts in the
measurements2ll. These artifacts mandate preprocessing algorithms that clean up the signal for the AF detector. In 2017,
SoloSenko et al. addressed the lack of annotated public PPG databases by generating a photoplethysmogram model from
the well-known MIT-BIHAF databasel22. This model attempts to reflect the cardiovascular system; hence, there might be
variation in how well that model fits for a particular patient. That uncertainty also affects the AF detection methods that
were developed with the photoplethysmogram model. Furthermore, detectors with a high computational complexity might
exploit some of the hidden assumptions that went into the photoplethysmogram model design. In a practical scenario,
these assumptions might not hold, which reduces the detector performance. Another approach is to record PPG alongside
ECG and transfer the labels, established by a cardiologist, from ECG to PPGLZ[23], Sych double recording is necessary,
because PPG signals cannot be used for diagnosis. In other words, cardiologists diagnose AF based on ECG signals.
Until that changes, PPG-based AF detection can only be used in gadgets that can raise the suspicion that AF symptoms
are present. The medical diagnosis will require additional measurements.



| 3. Electrocardiogram

Twelve-lead ECG is the reference standard for AF detection!24. In order to establish a diagnosis, the signal is analyzed by
a trained clinician/22. Figure 1 shows two ECG signal segments from PhysioNet's AF database2827. A normal ECG cycle
is referred to as Normal Sinus Rhythm (NSR). It consists of a P wave, QRScomplex, and T wave. The first plot in Figure 1
provides an example of NSR. In that plot, the first P wave is marked and labeled. Pathologically, AF can be described as a
breakdown of organized atrial electrical activity!28, This breakdown manifests itself in the absence of a P wave in the ECG
signal and the R peak appearing at irregular intervals22. The second plot in Row 1 of Figure 1 provides an example of an
ECG signal that shows signs of AF. The R peaks appear at irregular time intervals, and the P wave is muted or absent.
Table 1 provides a summary of studies that investigated computer support for automated AF detection in ECG signals.
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Figure 1. The first row depicts two ECG signals and the second row the corresponding RR interval traces. The two plots
in the first column show NSR, and the plots in the second row show AF symptoms. The Rpeak, in the ECG plots, indicates
ventricular depolarization, i.e., the time of the heart beat. The time between two heart beats, say a and b, is indicated as
the RRinterval. That time duration forms the amplitude, and the time location of the second beat b is the time location of
an RR interval sample. The Pwave, labeled in the NSR ECG plot, indicates atrial depolarization.

Table 1. A summary of automated AF detection in ECG signals. A “+” in the Salient features column indicates a positive
point. Conversely, a “~” indicates a negative point.
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The morphology of normal ECG signals differs from person-to-person®2. ECG-based AF diagnosis means to detect

disease-related morphology changes. The main challenge is that these morphology changes may not be unique, which
can lead to reduced specificity in identifying the disease that causes these changes. Extending the observation time might

help to solve the sensitivity problemB=931 Furthermore, the relationship between atrial activity, measured by surface

ECGs, and AF mechanisms, is not yet well understood®2. This ambiguity translates into inaccurate detection

algorithms(23], Detecting AF based on the symptomatic heart rhythm change could be a helpful way forward.



| 4. Heart Rate

Heart Rate (HR) can be used to detect AF episodes®4. The second row in Figure 1 shows the RR intervals that
correspond to the ECG signals shown in the first row. As such, RR interval signals are constructed from RR intervals.
These RR intervals represent the time from one R peak in the ECG signal to the next. In Figure 1, this is indicated by the
arrows from the ECG to the RR interval signal.

For a human expert, it might be difficult to detect the subtle linear and nonlinear changes in the RR interval trace that
indicate AF. Therefore, manual analysis of RR interval measurements may result in inter- and intra-observer variability.

Digital biomarkers and algorithmic decision support can help to avoid these problems and hence improve diagnostic
quality=31(58],

The occurrence of symptomatic episodes in paroxysmal AF is uncertaind[E8l, Some episodes may last more than 48
hl27, statistical analysis shows that during AF, RR intervals have a larger standard deviation and a shorter correlation
length than those during NSR. Hence, these measures can be used as digital biomarkers for AF detection. However, they
are not specific enough when it comes to differentiating AF from other arrhythmias!=2169,
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