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Abstract
In this work, a novel method has been proposed for false alarm detection in Intensive Care Unit (ICU) during arrhythmia. To
detect false alarm, various inputs are used such as electrocardiogram (ECG) signals, atrial blood pressure (ABP),
photoplethysmogram signals (PLETH) and respiration (RESP). The inputs are given to decision tree predictive learner
(DTPL) based classifier for thedetection of false alarm. The proposed method has an accuracy of 97% for prediction of false
alarm in ICU. Theresult of the proposed method is promising which suggest that it can be used effectively for false alarm
detection in ICUs. To the best of our knowledge, there is no such assumption based classification approach.
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Introduction

Arrhythmia related adverse cardiological events are ventricu-
lar arrhythmias, super-ventricular arrhythmia, atrioventricular
block, heartbeat failure which causes palpitation, orthopnea
and sudden cardiological mortality. During diastolic shortest
phase, blood flows in the coronary and then heart rate in-
creases. But in the case of coronary heart patients, coronary
blood flows less. In such diagnostic medical assessment treat-
ment, patients should be taken under the observation of ECG
assessment. This assessment translates the electrical impul-
sion and converted it into the series of wave format which is
partitioned by depolarization and repolarization. From the pre-
vious study, the conventional idea has reported only right ven-
tricle is involved in arrhythmogenic cardiomyopathy but there
are some cases in which left ventricleis the part of it [1]. From
the recent studies, it is noted that cardinal abnormalities and

arrhythmia are under chronic obstructive pulmonary disease
in which death has occurred in one-fourth of this case [2]. In
another case affected lung function are considered that may
increase the risk factor while arrhythmic pulmonary attack [3].
Global burden of disease (GBD) injured risk factor stated that
atrial fibrillation leads to headache [4]. According to this
surveyin 2010, an estimated result has shown 33.5 million
are affected by atrial fibrillation over world which is 0.5% of
the total population. In 2010, GBD has accumulated a statis-
tical report on premature death regarding AF which is 18.8%
and 18.9% rate increased correspond to man and woman.

In the preliminary stage of sudden cardiac heart attack,
implantable cardioverter defibrillators (ICDs) treatment helps
to survive potentially [5]. Considering all related parameters
such as age and risk indication, the programmable device de-
livered the situation handling beneficial treatment with some
restriction. For analyzing the sparsity of false heartbeat, long
(30 min) and short (10 s) interval matric has been used for
evaluating the algorithmic performance in [6]. But this work is
limited within a short interval of 10s only. In [7], only 50% of
among 40 types of notifications are truly detected by the med-
ical stuff. All irrelevant alarms exceed the human audible
range. This study is considered the threshold alarm, technical
alarm, serious alarm, arrhythmia alarm. The reason is that
there are various crucial parameters such as heart rate, respi-
ration rate, oxygen saturation level and blood pressure in ICU.
In a current medical situation, the patients are kept under the
surveillance of severe health status narrating device which
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works as a communicator between patients to nurse [8]. But
threshold degradation occurs through a grating tone which
creates a problem when it fails to notify in an adverse
situation.

A recent study is trying is to improve the health status
alerting notification which is generated through bedside mon-
itor to convert the complex health stream to signal [9]. As the
false alarm is a world burden till date and most of the studies
are not meaningfully succeeded over it. In [10], a machine
learning based algorithm has been used where 86.4% false
alarm suppressed in asystole, 100% false alarm suppressed in
bradycardia, 27.8% false alarm suppressed and 30.5% false
alarm suppressed in ventricular tachycardia. In [11], ECG R-
peak detection algorithm has been proposed. In [12], a mathe-
matical morphology technique with the adaptive structural el-
ement has been proposed. To reduce false alarm, a QRS detec-
tion method and RR interval method have been proposed in
[13]. To address false alarm, pulse features fromABP and PPG
signal are extracted in [14]. In [15], a machine learning based
technique has been proposed using random forest classifier for
predicting five different types of models to detect five specific
arrhythmic beats. Corrupted ECG signal may cause significant
degradation of diagnostic accuracy. In [16], a Bayesian frame-
work for decomposing ECG signal wasintroduced. In [17],
forward search using ECG signal executed on the application
specified integrated circuithas been proposed. This energy ef-
ficient android application detected the failure rate for bundle
bunch block, hypertrophy, arrhythmia, and myocardial infarc-
tion. As ECG signal is an ensemble with noise and artifact, a
model was proposed which automatically detect noise from
ECG signal, extract features and classify in [18].

In [19], a diverse characteristic extended version of the
oscillator model wasrepresented which has an ability to sim-
ulate realistic pacemaker represented with 12 lead ECG signal.
In [20], a framework on the existing signal quality
indiceswasproposed and false alarm reduction has
experimented on the decision tree. In [21], a methodology
for converting a rudimentary decision tree to an advanced
model introducing multiple compact hash tableswas pro-
posed. In another variant concept has been introduced by an
oblivious decision tree with not more than ‘k’ number classi-
fication error in [22]. In this effort, only the incorrect classified
elements are consideredrather than the class. In [23], a statis-
tically analyzing decision tree in which fewer noise nodes are
advised to fit into the deeper depth of the tree was considered.
In [24], a fuzzy rule-based decision tree has been introduced.
This method is also compared with the generic decision tree
model through various online available dataset and produced
highest accuracy. In [25], another part of the decision tree has
been enlightened which has minimized wrongly classified
cost and test set cost.

In response to the physionet challenge 2015, RR interval
variation and QRS complex shape features for detecting true

and false alarm have been recommended in [26]. Using ABP
and PPG as input, a method was chosen based on decision tree
predictive method against false alarm reduction in [27]. After
observing the Korean patient’s recorded PPG signal, classifi-
cation accuracy among KNN, NN, and SVMwas compared in
[28]. In [29], CNN technique for automatic arrhythmia detec-
tion with 92.50% (2 s) and 94.90% (5 s) accuracy was repre-
sented. Another study has claimed to increase the true alarm
by reducing the false alarm through noise classifier [30].
Electrocardiogram signal decomposition through 10 layers
of CNN model for detecting myocardial infarction has been
proposed in [31]. Comparing with other machine learning
technique automatic feature extraction of CNN technique
yields a magnificent accuracy by classifying 12 bit ECG sig-
nals. The training part of traditional CNN has redesigned by
dropout technique. In this study, GPU accommodation issue
has occurredwhich is very common to all deep learningmech-
anism. An advanced study using IDCNN which can classify
17 classes of arrhythmia with a satisfactory result has been
proposed in [32]. This method has fulfilled very crucial factors
such as classification speed, proficiency, compound ability,
and usability. This experimental study has suggested long du-
ration ECG is more potential in case of cardio disease analysis.
As wavelet analyze the non-stationary signal more accurately
with expanded function rather than trigonometric polynomial
and scaled the signal with respect to time and frequency.
Using this method an improvised feature recognition study
has performed over bidirectional LSTM in [33]. Decomposed
ECG sub-band frequency has been fed to the bidirectional
LSTM to classify 5 types of heartbeat condition. The wavelet
coefficient and raw ECG signal are used as input to LSTM that
has enhanced the performance among the previous wavelet
approaches. Another advantage of this approach is that the
length of inputs does not a matter for network storage alloca-
tion. In [34], experimental study has sharpened the attenuation
edges of ECG signals through Welch’s method and discrete
Fourier transformation analysis. A hybrid ensemble technique
has presented using ensemble learning, deep learning, and
evolutionary computational process. An improvised enhanced
classification technique has introduced in [35] where the en-
semble classification technique has proposed over 744
fragmented (10 s longer) ECG signal. This experimental strat-
egy has achieved better performance in set optimization en-
semble technique rather than class optimization ensemble
technique.

By studying the literature, it can be observed thatall the
methods either use complex methods or have less accuracy
in detecting the false alarm. Considering the drawbacks of
other methods, in this work, a novel method is proposed for
false alarm detection in ICU for arrhythmia patients. To detect
false alarm correctlyECG, ABP, PLETH,and RESP can be
used as input as it contributes to the arrhythmia conditions
more or less. The inputs are then given to the DTPL for false
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alarm detection. The advantage of the proposed method is that
it can detect false alarm more accurately than other methods
suggested to date. Yet another advantage of the proposed
method is that it is simple, robust and easy to implement.
The rest of the manuscript is organized as follows –section 2
contains description about DTPL, section 3 contains the pro-
posed method, section 4 contains the results, section 5 con-
tains the comparison with another method and section 6 con-
tains the conclusion of the work.

Decision tree predictive learner

Among the various machine learning techniques, decision
trees convert the hypothetical decisiveness to an automatic
process. Another profound characteristic of the decision tree
is that they can handle less or unpreprocessed raw data. A
simple representation of a prediction based model is easy for
understanding by data mining experts or even by non-experts.
In the decision tree structure, the topmost part is considered as
root. Just next level of the root is all possible outcomes of the
roots called decision attribute and a leaf node which is the
result of the classification. However, the important thing is
splitting attribute and choosing the highest information gain.
Any node that could not be further split, if that node contains
the class label, the splitting recursion will stop. And for rec-
ognizing the unknown attribute,it traced the path started from
root to leaf satisfying the condition and at last predict the class
label for the unknown data [36]. Actually, the decision tree
represents the visual structure of data containing in the data-
base. First, it constructs as large as a tree but needs to put down
the high computational cost. For finding a solution of over
fitting of data, tree pruning was addressed to list out the least
reliable attributes. There are two concepts of pruning, one is
pre-pruning where the construction has stopped and pruned
the existing one. Another is post-pruning which eliminates the
branches after fully constructing the decision tree. Pre-pruning
requires less computational time where post-pruning requires
more. But post-pruning is more reliable than the previous one.

The potential characteristics of the decision tree are trans-
parency, explicitly traced through all possible combination
and at the end make a conclusion with leaf node attribute.
Unambiguous features of the decision tree are capable of com-
prehensive decision making. For each condition, it will satisfy
all possible no repeating path to get a final conclusion.
Another more important feature is that continuous and cate-
gorical variablesare satisfiable by a decision tree. It would be
required for one-time construction then it can manipulate all
other condition through a conditional attribute. There are
some variations in the decision tree such as ID3 which is a
top-down order tree where information gain is considered as
splitting criteria. ID3 is proposed for handling categorical val-
ue but cannot handle missing value condition. ID3 can only

test one attribute at a time, hence pruning is not required. C4.5
is the improvised version of ID3 which can accept both con-
tinuous and discrete variable. In contrast with ID3, C4.5 is a
bottom-up technique which has the ability to handle missing
data. CART is a classification tree and also regression tree
which has an internal node with two outgoing ages.
Continuous and discrete both can be handled by CART.
Another extended version of decision trees is the generic de-
cision tree which can be converted to the multi compact hash
table but gets the output from the final merged table. In anoth-
er case, k error has to be predetermined where k should be an
integer.

The generalize decision tree remodeled by evidence theory
concept which is able to handle unsettled attribute and class
level also called DTPL. Flow-chart influenced diagram of
DTPL is represented through a square named as decision
node, triangle named as an end node, and the circle represent-
ed as a chance node. This effective method of data mining is
very easy to understand, free from ambiguity, missing value,
robust method, comfortable with a discrete and continuous
variable. It is also applicable for any type of conditional
queries which will be solvable through a one way directed
path. Figure 1 shows a simple decision tree predictive learner.
X1, X2, and X5 are considered as conditional attributes which
will always have either two or more optional criteria, are
called as class label, is represented by path. Each decision path
may or may not produce leaf node. Here leaf nodes are X3,
X4, X6, and X7 which determine the outcome. In this work,
DTPL is used to detect false alarm in ICU during arrhythmia.

Proposed method

Through the relevant feature selection, the computational cost
might be reduced for a huge dataset in the complex classifica-
tion problem. To get a more improvised accurate result against
false alarm reduction in arrhythmia this effort has introduced a
framework based on the decision tree predictive learner.
Inputs such as ECG, PLETH, ABP, and RESP are given to
the training module and trained with decision tree predictive
learner. The tree formed is then pruned to get the optimal tree
for better accuracy. After the model is trained, it is tested with
unknown test samples. The outline diagram is shown in Fig. 2
which is described in the section below.

Inputs

To get the information for any heart-related diseases ECG is
most important as it generates the depolarization and polari-
zation of electrical impulsion of a resting body in the wave-
form structure with respect to time. This impulsion is
displayed through the electrocardiogram in a non-invasive
process. This waveform will provide heart rate, rhythm,
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shapes, size of heart chambers, any significant hypertension
and the evidence of previous sudden heart attack. Resting
paced negatively charged heart try to release its negative
charge through Na + and Ca++. This depolarization wave in-
cidence sinoatrial node and passes through atrium and ventri-
cle. The output is collected through the pair of the left arm,
right arm, left leg and each pair are recorded as a lead.

The significant ECG signal parameters are RR interval (in-
terval between one Rwave to next Rwave), QRS complex (rate
of depolarization) rapidity between right and left ventricle, ST
interval, T wave (the concept of ventricle’s repolarization), QT
interval. Physionet 2015 challenge dataset contains multimodal
data whose sampling frequency is 250 Hz. Sampling time is
reciprocal of sampling frequency which is 0.004 s. So, the
sample interval between two inputs is 0.004 s. Figure 3 (a)
shows the heart structure and components. Figure 3 (b) shows
the functioning of the heart and the ECG generation.

Abnormal blood pressure for a long duration will tend to
the adverse cardiovascular situation. Abnormal blood pressure
fluctuation makes complication between heart, kidney, and

lungs. Through the early diagnostic preventive treatment,
some good levels of unhealthy blood pressure can be con-
trolled. Critical patient needs to measure the blood pressure
according to the gold standard rules. But the rather cases
Korotkoff’s sound measurement technique and oscillographic
measuring process [37] was followed to make a report on
blood pressure. In these two above method, pressure cuff
has been tightly cuffed at the upper part of the arm to measure
diastolic pressure and systolic pressure wherein normal
healthy case diastolic measurement is less than 80 mmHg
and systolic measurement is less than 120 mmHg.

Current study has explored that detecting and evaluating
blood pressure through the atrial propagation theory [38–41]
and photoplethysmogram morphological process [42–44] is
more accurate than previous measuring technique called pulse
transit time (PTT) [45]. PPP requires another two more signals
ECG and PPG which has high operational cost. In another
suitable study, estimating blood pressure is done by a
smartphone-based optical technique which measures the
changes in blood volume in the skin surface [46].

Fig. 2 Flowchart of DTPL based method

Fig. 1 Decision tree predictive
learner
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The respiratory rate is a significant measurement of human
health deterioration status. It fluctuates within as little as ac-
counting with time which is considered as an unhealthy con-
dition. According to the Resuscitation Council UK, the respi-
ratory rate was measured by combining heart rate, blood pres-
sure measurement, health temperature, and oxygen saturation
level. RR is commonly varied with age. But commonly 12 to
25 bpm RR is considered as the normal range for people
greater than 65 years old age and 10 to 30 bpm is considered
as normal for 80 or more year’s persons. The inputs used in
this work for false alarm detection are ECG, ABP, PLETH and
RESP. Figure 4 shows the various input signals such as ECG,
PLETH and ABP obtained during tachycardia for true and

false alarm. Figure 5 shows the various input signals such as
ECG, PLETH and RESP obtained during tachycardia for true
and false alarm. These signals are then given as input to the
DTPL based classifier for false alarm classification.

DTPL based method

Among couple of classification algorithms, a decision tree
predictive learner for predicting the accuracy in five types of
arrhythmiawas chosen. DTPL approach is based on super-
vised learning technique. A model must be assembled on the
trusted data which is big enough than the non-classified por-
tion. But there is no exact recommended value of percentage
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for dividing primary dataset as training data and testing data.
DPTL model should be generalized one, otherwise it could
produce partial class label output. Non-generalized small
training bucket DPTL model would tend to over fit. And an-
other important point is, this partitioning should very concrete.

Sometimes highest accuracy is the result of leaked out test set
into the training set. For small dataset 90/10 partition is good
enough. For huge dataset, the optimal proportion between
training and testing may be 70/30 for achieving good predic-
tion accuracy. So, for this experiment, the later one has been

Fig. 5 Input signals ECG, PLETH, RESP obtained during tachycardia condition (a) True alarm (b) False alarm

Fig. 4 Input signals ECG, PLETH, ABP obtained during tachycardia condition (a) True alarm (b) False alarm
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considered which can make an impact on the statistical mean-
ingful result. In this methodology first, a primary predicting tree
using the training set and previously defined target value which
is considered as a class labelwas implemented. Then the model
is verified upon the test set of data and produced accuracy
analysis is carried out through the confusion matrix. After the
primary phase, this model needs to be pruned because if the
better accuracy achieved by the pruned tree then there is no
necessity to keep the primary one. So, the tree is pruned and
again tested on the dataset for better accuracy. And most of the
cases pruned tree gives better accuracy depending on the levels
the tree had been pruned. In this study, it has been observed that
at a certain level, tree has got the highest accuracy and that level
needs to be marked. After achieving the highest accuracy at
some level,the accuracy of the modelwill move to down at
certain level. Among all combinations of input signals, in some
cases there is no need to prune the primary tree as it is already at
the optimal level. Figure 6 shows the optimal decision tree
obtained for tachycardia where ×1 isECG II, ×2 is ECG V, ×3
is ABP and ×4 is RESP. Training performance of all types of
arrhythmia is shown in Table 1 and Table 2 for real and retro-
spective phase respectively. Table 1 shows the accuracy and
level of tree obtained for various types of inputs used. From
Table 1 it can be observed that the accuracy of the training has
been improved after pruning. In some cases, the same accuracy
has been obtained in lower level trees which are more efficient.
After designing the training modules, it has been validated with
various test samples. Results of the proposed method have been
discussed in the next section.

The rules extracted from decision tree for tachycardia con-
dition are shown below.

1. if ×2 < 4877.5 then node 2 elseif ×2 > =4877.5 then node
3 else 0

2. if ×1 < 7650.5 then node 4 elseif ×1 > =7650.5 then node
5 else 1

3. if ×3 < 5521 then node 6 elseif ×3 > =5521 then node 7
else 0

4. if ×2 < 4265.5 then node 8 elseif ×2 > =4265.5 then node
9 else 1

5. if ×2 < 815.5 then node 10 elseif ×2 > =815.5 then node
11 else 0

6. Then node 6 is class = 1
7. Then node 7 is class = 0
8. if ×2 < 4134 then node 12 elseif ×2 > =4134 then node

13 else 1
9. if ×1 < 3153 then node 14 elseif ×1 > =3153 then node

15 else 1
10. Then node 10 is class = 1
11. Then node 11 is class = 0
12. if ×4 < 4311 then node 16 elseif ×4 > =4311 then node

17 else 1
13. if ×1 < 4575.5 then node 18 elseif ×1 > =4575.5 then

node 19 else 1
14. Then node 14 is class = 1
15. Then node 15 is class = 0
16. if ×2 < 3605.5 then node 20 elseif ×2 > =3605.5 then

node 21 else 1
17. if ×2 < 3482.5 then node 22 elseif ×2 > =3482.5 then

node 23 else 1
18. Then node 18 is class = 1
19. Then node 19 is class = 0
20. Then node 20 is class = 1

Fig. 6 Decision tree obtained for tachycardia

J Med Syst (2019) 43: 191 Page 7 of 13 191



21. if ×1 < 4496.5 then node 24 elseif ×1 > =4496.5 then
node 25 else 1

22. Then node 22 is class = 1
23. Then node 23 is class = 0
24. Then node 24 is class = 1
25. Then node 25 is class = 0

Results

The performance of the proposed DTPL based method for false
alarm detection in ICU has been evaluated. The results obtained
for various types of arrhythmia such asasystole, bradycardia,
tachycardia, ventricular flutter,and ventriculartachycardiaare
discussed below.

Performance of real phase

Performance of the proposed method has been checked using
various inputs for all types of arrhythmia condition in real
phase. The accuracy of the proposed method has been given
in Table 3 for both pre-pruning and post-pruning. Figure 7
shows the highest accuracy obtained for various types of ar-
rhythmia conditions. The highest accuracy obtained for
asystole condition is 99.2% using ECG II, ECG V, and
PLETH as input before pruning. The highest accuracy obtain-
ed for asystole condition is 99.3% using ECG II, ECG V, and
PLETH as input after pruning. The highest accuracy obtained
for bradycardia condition is 100% using ECG II, ECG V,
PLETH and ABP as input before and after pruning. The
highest accuracy obtained for tachycardia condition is 99.9%
using ECG II, ECG V, ABP and RESP as input before prun-
ing. The highest accuracy obtained for tachycardia condition

Table 2 Training performance of retrospective phase

Type of Arrhythmias Pruning ECG II, ECG V, ABP,
RESP

ECG II, ECG V, PLETH,
ABP

ECG II, ECG V, PLETH,
RESP

ECG II, ECG V,
PLETH

Level Level Level Level

Asystole Pre-pruning 61 113 170 166

Post-pruning 60 105 165 120

Bradycardia Pre-pruning 134 170 205 319

Post-pruning 130 – 200 310

Tachycardia Pre-pruning 14 NA 261 NA

Post-pruning 10 NA – NA

Ventricular
Tachycardia

Pre-pruning 36 123 355 293

Post-pruning 30 120 340 250

Ventricular flutter Pre-pruning NA 1 NA 28

Post-pruning NA – NA 26

Table 1 Training performance of real phase

Type of Arrhythmias Pruning ECG II, ECG V, ABP,
RESP

ECG II, ECG V,
PLETH, ABP

ECG II, ECG V,
PLETH, RESP

ECG II, ECG V,
PLETH

Level Level Level Level

Asystole Pre-pruning 106 66 302 118

Post-pruning 95 62 300 50

Bradycardia Pre-pruning NA 1 371 464

Post-pruning NA – 140 265

Tachycardia Pre-pruning 8 82 237 104

Post-pruning 6 75 220 102

Ventricular Tachycardia Pre-pruning 230 204 320 188

Post-pruning 130 115 315 170

Ventricular flutter Pre-pruning NA 317 NA NA

Post-pruning NA 300 NA NA

*NA –Not Available,’-‘means did not change
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is 100% using ECG II, ECG V, ABP and RESP as input after
pruning. The highest accuracy obtained for ventricular tachy-
cardia condition is 97.9% using ECG II, ECG V, and PLETH
as input before pruning. The highest accuracy obtained for
ventricular tachycardia condition is 98.6% using ECG II,
ECG V, and PLETH as input after pruning. The highest accu-
racy obtained for ventricular flutter condition is 83.0% using
ECG II, ECG V, PLETH and ABP as input before pruning.
The highest accuracy obtained for ventricular flutter condition
is 93.2% using ECG II, ECG V, PLETH and ABP as input
after pruning. It can be observed that the accuracy of the
method did not change much for real phase after pruning.
But the level of the tree decreases ultimately decreasing the
complexity of the method.

Performance of retrospective phase

Performance of the proposed method has been checked using
various inputs for all types of arrhythmia condition in retro-
spective phase. The accuracy of the proposed method has
been given in Table 4 for both pre-pruning and post-pruning.

Figure 8 shows the highest accuracy obtained for various
types of arrhythmia conditions. The highest accuracy obtained
for asystole condition is 99.0% using ECG II, ECG V, ABP
and RESP as input before pruning. The accuracy after pruning
is also the same as before with decreased level. The highest
accuracy obtained for bradycardia condition is 97.5% using
ECG II, ECG V, ABP and RESP as input before pruning. The
accuracy after pruning is also the same as before with de-
creased level. The highest accuracy obtained for tachycardia
condition is 99.3% using ECG II, ECG V, ABP and RESP as
input before pruning. The accuracy after pruning is also the
same as before with decreased level. The highest accuracy
obtained for ventricular tachycardia condition is 97.5% using
ECG II, ECG V, PLETH and ABP as input before pruning.
The accuracy after pruning is also the same as before with
decreased level. The highest accuracy obtained for ventricular
flutter condition is 100% using ECG II, ECG V, PLETH and
ABP as input before and after pruning. It can be observed that
the accuracy of the method did not changemuch for real phase
after pruning. But the level of the tree decreases ultimately
decreasing the complexity of the method.

Table 3 Performance of real phase

Type of Arrhythmias Pruning ECG II, ECG V, ABP,
RESP

ECG II, ECG V, PLETH,
ABP

ECG II, ECG V, PLETH,
RESP

ECG II, ECG V,
PLETH

Accuracy Level Accuracy Level Accuracy Level Accuracy Level

Asystole Pre-pruning 92.8 106 60.8 66 72.6 302 99.2 118

Post-pruning 94.5 95 60.7 62 74.7 300 99.3 50

Bradycardia Pre-pruning NA NA 100 1 76.0 371 80.4 464

Post-pruning NA NA – – 77.4 140 82.9 265

Tachycardia Pre-pruning 99.9 8 97.1 82 63.4 237 95.5 104

Post-pruning 100 6 97.6 75 67.8 220 96.5 102

Ventricular Tachycardia Pre-pruning 93.7 230 97.8 204 85.8 320 97.9 188

Post-pruning 94.2 130 98.3 115 86.9 315 98.6 170

Ventricular flutter Pre-pruning NA NA 83.0 317 NA NA NA NA

Post-pruning NA NA 93.2 300 NA NA NA NA

*NA –Not Available
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Comparison with other methods

Various researchers over the yearshave studied false alarm de-
tection in ICU during. Table 5 describes a comparative study of
various works proposedin terms of datasets used, the algorithm
used, arrhythmia types detected and accuracy. The study [26]
has mostly analyzed on the minimization of true alarm recog-
nition error on the occurrenceof ventricular tachycardia by
observing the variation of RR interval and QRS complex.
And otheralarm types are experimented on the quality index
value of ABP and threshold value of PPG. This studyhas
claimed that the proposed method is able to reduce the false
alarm occurrence up to 42.7% for all arrhythmia types. In [27]
same algorithm has been used but has achieved less accuracy
than the presentstudy. In all types of arrhythmia cases consid-
ering only ABP and PPG as an input. Whereas ECG ismost
crucial for detecting the quality of heartbeat as well as manip-
ulating the false alarming conditions. Try to classify Atrial
fibrillation, [28] has introduced three comparative classifica-
tion algorithms as KNN,NN, and SVM and among these
three methods NN has achieved highest accuracy where it
was trained by the back-propagation algorithm. This research

study has proposed an ensemble of three methodswhere each
method compromises the other’s disadvantages and the com-
bination of all methods make it more powerful than individ-
ual classifier. Further CNN is a smart choice in classification
where thereduction of false arrhythmia alarm becomes more
complicated. It’s self-learning and self-organizing property is
much more advanced than supervised learning methodology.
Using only the ECGsignal as input the study in [29] has
achieved better performance than the conventional classifier
but not in comparison to the proposed method. Here, [30]
has deployed a method where the combination of multimodal
waveforms such as ECG, BP, and PPG has examined
through the noise classifier to increasetrue alarm incidence
as well as to reduce the false alarming condition. All these
related studies are appliedto the content of false alarm reduc-
tion. But this study, which is performed on decision
treepredictive learner method, has achieved the highest per-
formance on the basis of accuracy. Implicit featureselection,
robust to missing value problem and nonlinear data represen-
tation makes it more perfect forclassification purpose. From
Table 5 it can be observed that the proposed DT-based meth-
od has highlighted as the highest accuracy among all the

Fig. 8 Accuracy obtained pre and post-pruning in the retrospective phase

Table 4 Training performance of retrospective phase

Type of Arrhythmias Pruning ECG II, ECG V, ABP,
RESP

ECG II, ECG V, PLETH,
ABP

ECG II, ECG V, PLETH,
RESP

ECG II, ECG V,
PLETH

Accuracy Level Accuracy Level Accuracy Level Accuracy Level

Asystole Pre-pruning 99.0 61 73.9 113 82.6 170 97.6 166

Post-pruning 99.0 60 73.9 105 82.6 165 97.6 120

Bradycardia Pre-pruning 97.5 134 93.0 170 85.4 205 78.1 319

Post-pruning 97.5 130 – – 85.4 200 78.1 310

Tachycardia Pre-pruning 99.3 14 NA NA 64.4 261 NA NA

Post-pruning 99.3 10 NA NA – – NA NA

Ventricular Tachycardia Pre-pruning 96.3 36 97.5 123 74.2 355 82.5 293

Post-pruning 96.3 30 97.5 120 74.2 340 82.5 250

Ventricular flutter Pre-pruning NA NA 100 1 NA NA 99.2 28

Post-pruning NA NA – – NA NA 99.2 26
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other methods. Hence the proposed method can be imple-
mented in real hospitals efficiently.

Conclusion

This study introduces a classification method regarding the
reduction of false arrhythmia alarm by using decision tree
predictive learner (DTPL). This supervised learning method
makes a decision on behalf of checking attribute’s condition.
To the best of our knowledge, there is no such assumption
based classification approach. In the first phase of the study
create a decision making a tree on the trained dataset then it is
verified by the tested dataset and accuracy has compared at
various level in the pre-pruning and post-pruning. After
checking the pre-pruning accuracy, to enhance the perfor-
mance of the resultant predictive model has needed to imple-
ment the post-pruning tree by decreasing level up to the best

level. In this study, the proposed method has tested through all
five types of arrhythmia among which bradycardia has
achieved the highest accuracy in real phase and tachycardia
has achieved 99.3% accuracy in retrospective phase. This
demonstration has been limited between intra-database stud-
ies. Moreover, the proposed work will extend for checking the
potentiality of DTPL method over the inter-database.
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