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Abstract

Cardiac arrhythmias affect millions of individuals
worldwide and can lead to severe complications such as
stroke or heart failure. They can be difficult to diagnose
with ambulatory electrocardiogram monitors due to their
transient nature. We propose a system for long-term ar-
rhythmia monitoring that takes single-lead electrocardio-
gram and tri-axis acceleration signals as inputs. It is com-
posed of a beat detector to extract interbeat intervals and
a classifier to detect arrhythmias. This system is evalu-
ated on two datasets including 42 patients and achieves
an accuracy of 0.988 for the abnormal class, 0.967 for the
normal class, and 0.979 for the tachycardia class.

1. Introduction

Millions of individuals suffer from cardiac arrhythmias
(CAs). While most CAs are not directly life-threatening,
they can lead to serious complications. Atrial fibrillation
(AF), the most common CA, affects between 2 % and 4 %
of the adult population and is associated with substantial
morbidity and mortality [1]. In addition, ventricular ar-
rhythmias are the cause of approximately 80 % of sudden
cardiac deaths [2]. An abnormal heart rate (HR) may cause
symptoms such as palpitations, shortness of breath, or
fainting. However, symptoms are not necessarily present
and many patients are asymptomatic [3] which prevents
early detection.

A 12-lead electrocardiogram (ECG) reviewed by a
trained cardiologist is the gold standard to diagnose CAs.
However, it is not applicable for long-term monitoring. In
addition, it might miss transient CAs. Therefore, the com-
mon solution is to use a Holter for long-term monitoring
with the drawback that reviewing recordings of 24 hours
or more is expensive and time-consuming. Usually, auto-
matic systems are used to tag parts that most likely include
CAs to be reviewed by a specialist [4]. We propose such a

system to detect CAs from a single-lead ECG and tri-axis
acceleration signals recorded by a sensor that can be worn
over long periods of time. This system combines a beat
detector to extract interbeat intervals (IBIs) and a recurrent
neural network to classify CAs.

2. Materials and Methods

2.1. Datasets

The proposed system is evaluated on two datasets in-
cluding single-lead ECG and acceleration data acquired
with the Bodyguard 3 device (Firstbeat Technologies,
Jyväskylä, Finland) shown in Figure 1. The first dataset
was collected at Hôpital Pourtalès, Neuchâtel, Switzer-
land from 20 patients with suspected CA during 24-hours
Holter monitoring (BASEC ID: 2022-00986). The second
dataset was collected at KNF-Laboratoriot Oy, Helsinki,
Finland from 26 patients with apnea during overnight
respiratory polygraphy (NCT05235984). Both studies
were approved by local ethics committees. The reference
rhythm annotations were obtained automatically with the
Cardiac Navigator software (Bittium, Oulu, Finland) for
the two datasets and include the following rhythms: atrial
bigeminy, AF, normal sinus rhythm, second degree heart
block, sinoatrial block, sinus bradycardia, supraventricu-
lar tachyarrhythmia, ventricular bigeminy, and ventricular
tachycardia. The only preprocessing applied before detect-
ing CAs was to resample the acceleration and ECG signals
to 128 Hz.

2.2. System

We propose a system composed of the following ele-
ments to detect abnormal rhythms from a single-lead ECG
and acceleration signals:
1. Beat detection from ECG
2. Interbeat interval windows extraction
3. Window filtering using acceleration
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Figure 1: Bodyguard 3 device.

4. Interbeat interval outlier detection
5. Abnormal rhythm classification

Cardiac beats are detected by finding the ECG ex-
tremum in segments where the curvature of the ECG sig-
nal is above an adaptive threshold. The IBIs are computed
from the detected beats. Then, we extract IBI windows
without overlap by grouping successive IBIs until their cu-
mulative sum exceeds 30 s.

The IBI windows are filtered to exclude the ones with
motion. Motion is detected by computing a motion sig-
nal m(n) from the tri-axis acceleration signals a(n) as fol-
lows,

m(n) = ||a(n)− a(n− 1)||

where || · || denotes the Euclidean norm. A threshold of
0.01 g (g = 9.81 m s−2) is then applied to this motion signal
and IBI windows where the proportion of values above the
threshold is greater than 0.05 are labeled motion.

Valid IBIs are then detected in each window not labeled
as motion. An IBI is considered valid if it falls in the range
[0.25 s, 3 s] and the amplitude of the corresponding R wave
is less than 6 mV. All windows where the number of valid
IBIs is less than 12 or the proportion of valid IBIs is less
than 0.9 are labeled as undecidable.

A classifier is then applied to the valid IBIs in each re-
maining window. The classifier is a neural network with
two layers: a gated recurrent unit layer [5] that takes se-
quences of IBIs as input and a sigmoid layer to output
the probability of abnormal rhythm. This classifier was
trained on five separate dataset: three datasets from Phy-
sioNet [6] (European ST-T Database [7], Long Term AF
Database [8], and MIT-BIH Arrhythmia Database [9]) and
two internal datasets. The valid IBIs are also used to com-
pute the mean IBI in each window. Finally, each window
is assigned a label with the following procedure:
• If the mean IBI is greater than 1 s (corresponding to a
HR under 60 bpm), the label is bradycardia.
• If the abnormal rhythm probability is greater than 0.7,
the label is abnormal.

Table 1: Performance metrics for each class.

Class Accuracy TPR TNR PPV NPV F1 score

Abnormal 0.944 0.691 0.976 0.787 0.961 0.736

Bradycardia 0.892 0.985 0.883 0.429 0.999 0.598

Normal 0.861 0.836 0.964 0.990 0.587 0.907

Tachycardia 0.967 N/A 0.967 0 1 0

• If the mean IBI is less than 0.6 s (corresponding to a HR
above 100 bpm), the label is tachycardia.
• If the abnormal rhythm probability is less than 0.3, the
label is normal.
• Otherwise, the label is undecidable.
The undecidable label indicates IBI windows for which a
reliable decision is not possible.

2.3. Performance Evaluation

To evaluate performance, we mapped the reference an-
notations for all windows to one of the labels outputted
by the proposed system using the following rules. Nor-
mal sinus rhythm is mapped to normal, sinus bradycardia
to bradycardia, and ventricular tachycardia to tachycardia.
Atrial bigeminy, AF, second degree heart block, sinoatrial
block, supraventricular tachyarrhythmia, and ventricular
bigeminy are all mapped to abnormal.

Windows labeled as motion or undecidable by the sys-
tem or with multiple reference annotations were excluded
before computing the following classification metrics for
each class: accuracy, true positive rate (TPR), true nega-
tive rate (TNR), positive predictive value (PPV), negative
predictive value (NPV), and F1 score.

We also reviewed records where the system achieved
poor performance to better understand its limitations.

3. Results

We obtained 101 246 windows after applying the pro-
posed system to the two datasets. We excluded 45 355
windows due to motion (35 757), multiple reference an-
notations (8206), and undecidable labels (1392). This re-
sulted in a set of 55 891 windows with the following refer-
ence annotations: normal (45 010), abnormal (6319), and
bradycardia (4562). No window was annotated as tachy-
cardia. The global accuracy computed on these windows
was 0.832 and the metrics for each class are reported in
Table 1.

A few observations can be derived from these metrics.
First, the number of false negatives is non-negligible for
abnormal rhythms meaning that several cases are not de-
tected. Second, most bradycardia episodes are correctly
detected at the cost of many false positives. Third, there
are many false negative for normal rhythms. Finally, some
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tachycardia episodes were detected although there were no
tachycardia in the annotated references. To better under-
stand these discrepancies, we reviewed the records with
the poorest performance for the different cardiac rhythms.

In the record with the worst classification performance
for AF, more than 73 % of windows annotated as AF are
classified as bradycardia by our system. However, the HR
is quite low (below 50 bpm in most cases). An excerpt of
this record is shown in Figure 2a where the mean IBI per
window is above 1 s resulting in a bradycardia classifica-
tion. This patient was under beta blocker medication at the
time of the recording which explains the very low HR for
AF. One can argue that patients under medication affecting
cardiac rhythms are already monitored by their physician
for cardiac anomalies. Therefore, these patients are outside
the scope of our approach for long-term monitoring.

There are two records with many windows annotated as
normal sinus rhythm that are classified as abnormal by our
system. Reviewing the ECG signals and the corresponding
IBIs suggests that the reference annotations are incorrect
for these records. The IBIs are very irregular during these
misclassified episodes and the proposed system seems to
be correct when predicting an abnormal rhythm as illus-
trated in the example shown in Figure 2b.

In the only record with a non-negligible number of win-
dows annotated as ventricular bigeminy, the proposed sys-
tem outputted a normal label for most of these windows.
Further investigation of the ECG signal and corresponding
IBIs revealed that the rhythm is indeed abnormal. How-
ever, it appears to be premature ventricular contractions
(PVCs) instead of bigeminy. Nonetheless, the system fails
to recognize this rhythm as abnormal. A short example of
such incorrect classification is shown in Figure 2c. This is
a clear limitation of our system which is most likely caused
by the very limited number of examples with many PVCs
included in the datasets used to train the neural network.

We also observed several records with many windows
annotated with normal sinus rhythm references but classi-
fied as bradycardia or tachycardia by our system. However,
in these cases, the mean IBI per window was always ei-
ther above the threshold for bradycardia (1 s) or under the
threshold for tachycardia (0.6 s). We even found several
windows with a HR above 120 bpm which were annotated
as normal sinus rhythm. Therefore, such classification er-
rors most likely arise because the software used to obtain
reference annotations uses a different approach to estimate
HR (and maybe slightly different thresholds). In particular,
our system does not discriminate between normal and ab-
normal beats (beyond the validity check for IBIs described
in Section 2) before estimating the HR.

Lastly, the only record with sinoatrial block automatic
reference annotations included more than 10 hours of such
annotations. The windows in this part of the record were
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(a) ECG annotated as AF and classified as bradycardia.
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(b) ECG annotated as normal sinus rhythm and classied as abnormal.
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(c) ECG annotated as ventricular bigeminy and classified as normal.
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(d) ECG annotated as sinoatrial block and classified as undecidable.

Figure 2: Excerpts of different ECG recordings.

systematically labeled undecidable by the proposed sys-
tem. Visualizing the ECG signal reveals that it is composed
exclusively of noise and that the recording device was most
likely not worn during this part of the record. A short ex-
cerpt is shown in Figure 2d. Therefore, the reference anno-
tations for sinoatrial block apprear to be incorrect and this
example shows that our system is able to reject noisy ECG
signals.

After considering all the discrepancies between the ref-
erence annotations and the predictions of the proposed sys-
tem, we re-computed the performance metrics with two
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Table 2: Performance metrics for each class when consid-
ering bradycardia as normal and excluding four records.

Class Accuracy TPR TNR PPV NPV F1 score

Abnormal 0.988 0.820 0.994 0.854 0.993 0.837

Normal 0.967 0.973 0.820 0.993 0.545 0.983

Tachycardia 0.979 N/A 0.979 0 1 0

major changes. First, we considered bradycardia as normal
in both the annotations and predictions to avoid classifica-
tion errors for windows annotated as normal sinus rhythm
despite a HR under 60 bpm. Second, we excluded four
records: one record from a patient under beta blocker med-
ication with AF and a very low HR (Figure 2a), one record
with many normal sinus rhythm annotations despite a HR
above 100 bpm, and two records with abnormal rhythms
clearly visible in the ECG and IBIs but with normal si-
nus rhythm annotations (Figure 2b). It is worth mention-
ing that we did not exclude the patient with PVC windows
misclassified as normal reported above (Figure 2c) to avoid
over-inflating performance metrics. With these modifica-
tions, the number of windows was reduced to 49 610 and
the global accuracy increased to 0.967. The metrics per
class are reported in Table 2. As expected, the performance
increased. However, the NPV for normal rhythm is still
low indicating too many false negatives for this class. In
addition, the TPR and PPV for abnormal rhythm are still
under 0.9 showing that there is still room for improvement.

4. Conclusion

We proposed a system for long-term monitoring of ab-
normal cardiac rhythm from a single-lead ECG and tri-axis
acceleration signals. This study has two main limitations.
First, the reference rhythm annotations were obtained with
a commercial software without verification by a special-
ist. Consequently, some annotations were incorrect which
resulted in underestimated performance metrics. In par-
ticular, bradycardia and tachycardia seem to use different
thresholds on HR than the one used in our system. This
was partially corrected by considering bradycardia as nor-
mal and excluding four records. Future assessments of
our system should be performed on datasets with reference
annotations reviewed by a specialist. Second, the neural
network classifier in the proposed system was trained on
datasets including few examples with many PVCs. The
classifier was thus unable to recognize PVC windows as
abnormal. We plan to retrain the classifier with datasets

including more examples with many PVCs to correct this
issue. Furthermore, false positives for abnormal rhythms
could be reduced by considering the class of successive
windows (e.g. four abnormal windows out of four) to iden-
tify them as abnormal. Notwithstanding these limitations,
the proposed system provides a robust solution to process
daily life data, automatically rejecting low quality ECG
(due to motion or noise) and, detecting abnormal rhythm
with a global accuracy above 95 %.
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