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Abstract—Premature heartbeats are those that appear
earlier than the regular ones due to contractions not originating from the Sinus Atrial Node, out of the normal
heart rhythm. Although one might think this is a trivial
task to detect, the distribution of premature heartbeats in
the benchmark electrocardiograms shows it is not the case.
We aim at finding the optimal method to detect premature
heartbeats, threshold value and context level for temporal
based approach. Methodology: Several methods are specified
to calculate the relation of the premature heartbeat to a
set of several previous instances and conduct experiments
to present which averaging method (arithmetic, geometric
and harmonic mean) delivers the best solution. Then, we
calculate the deviation ratio to the average of these beats that
affect the prematurity condition. Particularly, the goal is to
find an average AV G of previous k beat-to-beat intervals
RR, such that the ratio between the difference dRR of
the analyzed RR and AV G versus AV G is more than a
specific threshold T hr. Data: The comprehensive MIT-BIH
Arrhythmia Electrocardiogram benchmark database is used
in our evaluation. The analysis is conducted on the array
of beat-to-beat intervals for the heartbeats preceding the
premature one. Conclusion: The results show that the optimal
method is based on the arithmetic mean AM We found that
the larger k, the better performance is achieved. A sufficient
performance with F1 score over 85% is achieved for k = 5
and T hr = 15%.
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I. I NTRODUCTION
A normal heartbeat is presented by a QRS complex
in an electrocardiogram (ECG), addressing the voltage
changes when blood is pumped by contracting the heart
atria (upper chambers) and ventricles (lower chambers). A
regular heartbeat rhythm consists of P, QRS and T waves,
correspondingly triggered in regular time intervals, usually
called RR intervals. Arrhythmia occurs when the heart beat
too fast, too slow, or the rhythm is irregular.
Only a special kind of arrhythmia with irregular heartbeats are analyzed in this paper, focusing on those cases
when the contraction happens too soon, out of a normal
and regular sequence. Premature beats are those that occur
earlier than normal beats (N), usually called premature
contractions. These abnormal heartbeats can begin in one
of the ventricles or atria and disrupt the regular heart
rhythm. Correspondingly, these are called Premature Atrial
Complex (PAC) [1] or simply A beat, and Ventricular
Premature Complex (PVC), usually identified as a V beat,
or both of them known as extrasystoles. Usually this
causes a kind of a flip-flop or skipped beat and can be
very common for most of the people at a certain point.
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PACs [2] are contractions of the atria and not triggered
by the sinoatrial node (SA node), usually followed by
a non-compensatory pause since the atrial depolarization
has entered the sinus node and the sinus rhythm has been
reset. Although, a PVC premature beat is most commonly
followed by a compensatory pause, it can be absent if
retrograde conduction is present through the atrioventricular (AV) node that connects the atria and ventricles and
triggers the heart beat.
If the extrasystoles do not repeat often then there are
no significant changes to the heartbeat rhythm. These
premature beats are common and usually harmless, but
may indicate a serious heart condition including lifethreatening arrhythmias.
When doctors annotate ECG signals they use human
knowledge and understanding to determine arrhythmia
type. Usually it is not based on a precise mathematical
model and binary classification based on threshold values,
but, it is based on their experience and knowledge, according to a more complex history and analysis. In our
efforts to develop an appropriate algorithm we have faced
problems in determination what is annotated as PAC, PVC
and what is not.
It is hard to find a strict mathematical definition what
are the conditions when it occurs, in literature it is mostly
explained that PACs occur when another region of the
atria depolarises before the SA node and thus triggers a
premature heartbeat. It can be detected on an ECG when
the R appears earlier than the average RR interval. Current
PAC detectors are beat classifiers that attain low sensitivity
on PAC detection [3].
The nomenclature ”eariler” is not strictly defined in
mathematical sense and causes a challenge when one
wants to code a solution to detect it.
We have developed a program to test an extensive
MIT-BIH Arrhythmia Database (MITDB) database [4] for
annotated signals and determine how to detect extrasystoles automatically with a software solution based on the
regularity of the heartbeat, without a deeper analysis of
the ECG signal morphology.
The research questions in this paper are to find:
•
•
•

RQ1 the optimal temporal method to detect premature heartbeats,
RQ2 the number of previous RR intervals k, and
RQ3 the triggering threshold value T hr.

The rest of the paper is organized as follows. Relevant
related work is presented in Section II. The experimental
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methodology is described in Section III and results in Section IV. Section V discusses the results and its usefulness.
Finally, relevant conclusions and future work is specified
in Section VI.
II. R ELATED WORK
Physionet [4] is a comprehensive set of tools and
datasets to evaluate new algorithms, including the wellknown MITDB ECG benchmark database.
Premature beats are recognized to be those that appear
sooner than expected. However, different arrhythmia may
interrupt with this simple rule and introduce a more
complex processing methods. If the methods use analysis
of QRS (heartbeat) methodology then they reveal more
sophisticated results, while the detection of premature
atrial contractions achieves lower performance.
Temporal approaches are based on the analysis of previous heart beat intervals and comparing it to the analyzed
heartbeat. We have concluded that the best results for
detection of premature beats is achieved by analyzing the
previous six intervals and setting the threshold value of
the difference between the analyzed RR interval and the
average of last six RR intervals to be 0.16 [5]. The RR
interval can be denoted as NN, NV, NA, AN, or VN
interval that correspond the essential types N, A, or V
beats.
Hamilton [6] has published a relatively successful open
source library of algorithms. For rhythm classification,
he considered that two RR intervals match when they
are within 12.5% of the average of the two intervals. In
addition, an interval is considered to be an NV interval
when the interval follows an NN interval and is less than
75% of the preceding interval.
The number of previous RR intervals has been addressed by several researchers, and Tsipouras et al. [7]
concludes that a sufficient performance is achieved by
analysis of the last 3 RR intervals, achieving accuracy
of 94.26% and sensitivity of 98.98%. Some authors evaluate the results only using a smaller subset, where the
application of a simple detection rule is straightforward,
such as [8] using only 10 records from MITDB, achieving
average accuracy of 97.21% per record. The distribution
of premature atrial contractions leading to irregular RR
intervals [9] was analyzed for atrial fibrillation cases with
sensitivity was 97.5% and specificity was 99.0%.
Morphological analysis will differ heartbeats, in a sense
that we can determine if the origin of the beat is by
the ventricle, instead of the normal sequence. It may
be efficiently used to detect premature ventricular beats,
as a combination of both approaches, such as in the
case of Krasteva et al. [10] to gain sensitivity of 92.2%
and specificity of 96%. However, it will not detect the
premature atrial beats, and in this paper we aim at both.
Several other approaches have been proposed, using
ML methods, such as Ning et al. [11] using Independent
Component Analysis, k and fuzzy means to identify clus-

MIPRO 2022/DS-BE

ters, achieving accuracy of 80.94%, sensitivity of 81.10%
and specificity of 80.1%. A much higher performance
(accuracy of 98.2%) was achieved [12] using beat-to-beat
template-matching procedures and neural networks.
Another method includes High-Order Statistics (HOS)
[13] achieving accuracy of 94.96%, sensitivity of 92.19%,
and specificity of 95.19%. A Replacing strategy [14]
was used to evaluate the variation of principal directions
achieving accuracy was 98.77%, with the sensitivity and
positive predictability of 96.12% and 86.48%, respectively.
PACs were detected with Fisher Linear Discriminant [15]
and evaluated on intra-class separation to achieve 99%
sensitivity and 99% specificity distinguishing early and
late PACs by the value of the PT interval.
Detection of PVCs has challenged several researchers.
For example, [16] linear and nonlinear techniques achieving overall detection accuracy of 99.78%, with the sensitivity of 99.91% and specificity of 99.37%, for MIT-BIH
dataset, and [17] wave-based Bayesian framework achieving an average detection accuracy of 99.10%, aggregate
sensitivity of 98.77%, and aggregate positive predictivity
of 97.47%. Others use kernel methods, including SVM and
Gaussian process [13]. Neural network approaches include
quantum neural networks [18], deep neural networks [19],
MLP neural networks [20]
Deep learning models have been proposed by several
authors analysing single-channel ECGs to detect both
premature heartbeat contraction types. A novel convolutional neural network [21] was introduced and trained on
MITDB, evaluating the results on the China Physiological Signal Challenge to automatically detect premature
heartbeats without manually extracting the features. Their
results show average F1 values of 92.6% and 72.2%
correspondingly for detection of PVC and PAC.
Random Forest algorithm was used on morphological
features extracted from the ECG with discrete wavelet
transform [3] achieving median sensitivity, specificity and
positive predictive values of 95.83, 99.39, and 35.68%
correspondingly for atrial beats, and 100, 99.90, and
79.63% for ventricular beats.
Analysis of accuracy as performance measure is not
revealing a relevant information, since the dataset is biased, meaning that the number of premature beats is much
smaller than the other beats, with ratio larger than 10
times. This means, that even, if we build a detector of
premature heartbeats that will always predict the negative
class (the others - non premature heartbeats) than we will
achieve performance of at least 10/(10+1) = 90.1%
III. M ETHODS
In this section we explain the methodology by giving
details on used approaches, metrics, and evaluation metrics
for the experiments.
A. Algorithms
Denote by the RR[i] the current i-th RR interval, that is
analyzed to detect if PVC arrhythmia occurs. The previous
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RR intervals will be denoted by the corresponding index i,
for example, RR[i − 1] denotes the previous RR interval.
There are several methods to find if the currently
analyzed RR[i] interval is within the range of values that
define it as a normal heartbeat. These methods usually
compare its value with the mean value and we classify
them into several classes, corresponding to the type of the
calculated average.
The first class is based on comparing the analyzed RR
interval to the arithmetic mean AM of k previous RR
intervals. The arithmetic mean in this case is calculated as
the average value AM (1).
AM =

k
1X
RR[i − j]
k j=1

(1)

The second class uses geometric mean GM calculated
according to (2).
v
u k
uY
k
GM = t
RR[i − j]
(2)
j=1

The third class is about using harmonic mean HM
calculated by (3).
HM = Pk

k

1
j=1 RR[i−j]

(3)

According to the classification of various mean values
we have tested several algorithms, as follows:
•

A1 - Ak is a class of the algorithms that uses
arithmetic mean to find if there is abnormality. This
method checks the ratio ca(k) for k ≥ 1 as a
coefficient of relative arithmetic difference according
to (4) by comparing the analyzed RR interval with
the average of k previous elements.
RR[i] − AM
(4)
AM
G1 - Gk stands for a class of the algorithms that uses
geometric mean of previous RR intervals. The ratio
cg(k) for k ≥ 1 is a coefficient of relative geometric
difference calculated by (5).
ca(k) =

•

RR[i] − GM
(5)
GM
H1 - Hk algorithms use harmonic mean of previous
RR intervals. The ratio ch(k) for k ≥ 1 is a
coefficient of relative harmonic difference (6).
cg(k) =

•

RR[i] − HM
(6)
HM
A1 is a special case of the relative arithmetic difference
and it checks the ratio between the analyzed RR interval
against the previous one. G1 is a special case of the
relative geometric difference and it checks the same ratio
as the A1, and, also, H1 is harmonic mean such that (7)
is satisfied.
(RR[i] − RR[i − 1])
ca(1) = cg(1) = cv(1) =
(7)
RR[i − 1]
ch(k) =
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Note that in the analysis the analyzed RR[i] interval is
compared to the previous ones. There are methods when
the analyzed RR[i] is compared to the mean calculated
not just by the previous intervals, but also considering the
next intervals. This is motivated to the fact that a premature
ventricular contraction is usually followed by a longer RR
interval (since it occurred earlier, but the heartbeat remains
the same.
Finally, a classification algorithm should find a threshold
value T hr, such that if c > T hr it classifies a premature
beat (belonging to class P, and otherwise to the class
NonP. Therefore in our experiment we tend to find the
distribution of the calculated values of corresponding
coefficients ca, cg, and ch when classified as P and NonP,
and conclude the overall mistake if a certain threshold
value is used as a binary classification algorithm.
The more tests we provide, the better estimation of the
threshold value will be calculated. The analysis needs a
lot of experiments, since we would also like to estimate
the number k of previous RR intervals, the threshold
value T hr and the optimal averaging method to obtain
the highest classification performance.
B. Test data
Several parameters, such as number of True Positives
(TP) as correctly detected positives and True Negatives
(TN), the number of False Negative (FN) and False Positives (FP) constitute the following performance metrics:
Sensitivity (8), Precision (9) and F1-score (10)
SEN =

TP
TP + FN

TP
TP + FP
2
F1 =
1/SEN + 1/P P V
PPV =

(8)
(9)
(10)

The inverse values of SEN, PPV and F1 performance
metrics are specificity (SPC), negative predictive value
(NPV) and iF1, analyzing the performance of detecting
negatives (NonP class) instead of positives.
The MITDB is highly imbalanced with only 2696 PACs
and 6903 PVCs, while the total number of beats is 100733,
meaning that only 9.5% are premature beats.
We have also adapted the MITDB for analysis by excluding specific rhythm episodes, such as the 83 sequences
of atrial fibrillation (AFIB) and 45 sequences of atrial flutter (AFL) since in these cases the PACs are not annotated
appropriately due to the irregular rhythm in AFIB and
AFL. In addition, we excluded 6 sequences of ventricular
fibrillation (VFL), where the heartbeats were annotated
with different labels. On top of this we excluded those nonbeat labels, such as unclassified beats, isolated artifacts or
non-conducted P-waves, along with other identifications
of comments, signal quality markings pauses etc.
This process finished with 86739 annotated beats and
only 8467 premature beats, where only 5814 PVCs and
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Fig. 1: Achieved performance for different methods AM,
GM and HM for k = 5.
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We conclude that the larger k the better the results
are. However, the tradeoff in increasing the complexity
of calculations might not be the case, and we conclude
that AM5 performs sufficiently. For example, performance
difference between k=5 and k=6 is only 1% and the
number of calculations is increased by 20%.
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Fig. 2: Achieved best performance for various k
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Fig. 4: Distribution in MITDB, (blue dots present the
premature beats overlapped by the others - orange).
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Fig. 3: Achieved performance for AM5

2653 PACs left in the benchmark dataset. This increased
the ratio of premature beats slightly to 9.76%.
IV. R ESULTS
The conducted experiments showed that AM method
achieved much better performance compared to GM and
HM, demonstrated in Fig. 1 for k = 5. This answers the
first research question RQ1.
Fig. 2 presents the optimal performance for the AM
method with different k values, while Fig. 3 performance
of the AM5 method.
The achieved F1 score evaluated on MITDB was
82.99% and 85.01% respectively for AM5 and AM10
methods, while the inverse F1 score (for detecting the
NonV class) was 98.34% and 98.50%, which is expected
result due to the imbalanced dataset.
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Fig. 4 and Fig. 5 present Poincare plots, where the
x-axis presents the AM5 and y axis the last heartbeat
interval, such that the Fig. 4 shows NonP class over the
V class, and Fig. 5 shows P class over the NonP. The
yellow line presents the y = x and the grey line the best
separation line of 15% that reveals the best performance.
There is no ideal separation between P and NonP classes
and the overlap is evident preventing ideal performance.
Distribution of V and A beats as premature beats
depends on many factors. The source of overlap preventing
ideal performance is analyzed next.
There are 26 sequences of SVTA, 60 sequences of VT,
presenting a sequence of A and V beats correspondingly.
However, these are not premature in the context of being
compared to the previous k heartbeat intervals. This is why
the conclusion the larger k the better performance.
An illustration of this is presented in Fig. 6. For example, usually an A beat appears after L, or N beat, followed
by N or L beat. However, supraventricular tachyarrhythmia
is usually represented as a series of A beats (Fig. 6). In
this case, the Poincare plot shows that all those A beats
which belong to the supraventricular tachycardia will be
located in an area of x-axis between 170 and 200 and yaxis between 170 and 185. A separation line on -15% will
generate False Negatives for all these points.
Not all supraventricular tachycardia beats are misinterpreted with this method. For example, Fig. 7 presents
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Fig. 7: Distribution of the MITDB record 220 with
supraventricular tachycardia, where blue dots present the
A beats, and orange the others.
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Fig. 8: Distribution of optimal threshold values for
different k values.
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Fig. 6: Distribution of the MITDB record 207 with
supraventricular tachycardia, where blue dots present the
A beats and orange are others.

smaller sequences of tachycardia, and the -15% separation
line reveals excellent performance.
Optimal threshold parameter depends on the parameter
k, The larger k, the smaller threshold value is. This
answers the second research question RQ2.
The threshold values belong to the range of -18% for
AM1, up to -14% for AM10, with an average of -15%.,
which answers the last research question RQ3.
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VI. C ONCLUSION
We have analyzed different methods to detect premature
beats (PACs and PVCs) and conducted several experiments
to evaluate the performance.
The focus was on temporal methods of the RR interval
associated to the analyzed heartbeat and its predecessors.
The methods include calculation of an average of previous
k RR intervals and the calculation of the deviation ratio
versus the analyzed RR interval. The decision is made by
comparing the deviation ratio versus a threshold T hr.
We concluded that the averaging method that reveals
the best performance is the arithmetic mean. The larger
the number of previous RR intervals k is the better
performance is achieved. A good performance over 85%
is achieved for k = 5 and T hr = −15%.
Finally, we conclude that, although temporal methods
reach sufficient performance, we aim at achieving even
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higher performance. To increase the performance, one
needs to analyze also the type of the previous heartbeats.
For example, if the previous beats are PACs or PVCs, then
the prematurity condition specified by the comparing the
deviation ratio versus a threshold is not valid anymore.
Our medical device ViewECG [22], [23], [24] reaches
high performance of sensitivity, positive predictive value
and F1 score of 93.36%, 92.07% and 92.72% correspondingly for PVCs, and 79.04%, 94.71% and 86.17% for
PACs, evaluated in combination with the QRS detection
software.
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