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Background: Electrocardiogram (ECG) lead misplacement can adversely affect ECG diagnosis and subsequent

clinical decisions. V1 and V2 are commonly placed superior of their correct position. The aim of the current
studywas to usemachine learning approaches to detect V1 and V2 leadmisplacement to enhance ECG data qual-
ity.
Method: ECGs for 453 patients, (normal n=151, Left VentricularHypertrophy (LVH) n=151,Myocardial Infarc-
tion n= 151)were extracted from body surface potential maps. These were used to extract both the correct and
incorrectly placed V1 and V2 leads. The prevalence for correct and incorrect leads were 50%. Sixteen features
were extracted in three different domains: time-based, statistical and time-frequency features using a wavelet
transform. A hybrid feature selection approachwas applied to select an optimal set of features. To ensure optimal
model selection, five classifiers were used and compared. The aforementioned feature selection approach and
classifiers were applied for V1 and V2misplacement in three different positions: first, second and third intercos-
tal spaces (ICS).
Results: The accuracy for V1misplacement detection was 93.9%, 89.3%, 72.8% in the first, second and third ICS re-
spectively. In V2, the accuracywas 93.6%, 86.6% and 68.1% in thefirst, second and third ICS respectively. There is a
noticeable decline in accuracy when detecting misplacement in the third ICS which is expected.

© 2019 Elsevier Inc. All rights reserved.
Introduction

The electrocardiogram (ECG) comprises of several processes includ-
ing patient preparation and electrode placement [1]. Lead misplace-
ment has a large effect on ECG morphology which can lead to an effect
on the ECG interpretation and diagnosis [2,3]. It can occur between
40% and 60% of the time and 36% of chest electrodes are placed outside
a radius of 1.25 in. from the correct positions [4] [5]. It has also been re-
ported that only 50% of nurses and 20% of cardiologists can correctly
place the electrodes V1 and V2 in their correct position [6]. Changes in
morphological features of the ECG are notable with misplacements
with distances greater than 2 cm to the standard electrode position
[2]. A common mistake in chest lead misplacement is misplacing leads
V1 and V2 too high, which can also offset the remaining precordial elec-
trodes (V3 to V6) [7]. V5 and V6 are also commonly placed in the fifth
intercostal space (ICS) and are not in the recommended position (V5
should be placed in the fifth ICS and left anterior axillary line, and v6
should be placed on the left mid-axillary line at same horizontal level
as V5) [8] [9] [10]. The analysis of ECG signals that were recorded
from vertically misplaced V1 and V2 leads could result in a false diagno-
sis of Brugada syndrome and anterior STEMI,which can lead to an incor-
rect diagnosis in 17–24% of patients [11–13]; because lead
misplacement can conceal or mimic another cardiac disease [14–17].
Several techniques have been suggested and used to control the devia-
tion in precordial leads positioning. One of these methods involved a
sliding ruler to facilitate proper electrode placement in the correct posi-
tions while, another technique was placing stickers on a diagram of
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torso to improve electrode placement and another simple technique
was electrode belts [18,19]. Unfortunately, clinicians have not yet
widely adopted these techniques; probably due to their cost or insuffi-
cient evidence of their efficiency [15]. In previous studies, ML has been
used to detect limb lead misplacement with promising results [20],
but has not be tested in the setting of misplaced chest electrodes. We
therefore aimed to use ML to detect chest electrode misplacement.

Material and methods

Data collection

A high-resolution body surface potential maps (BSPM) were used to
extract ECG signals for V1 and V2 leads. Each BSPM consists of 117
nodes which represent 117 ECG leads. The dataset used has been re-
corded during the 1980s by Fred Kornreich and is known as the
Kornreich dataset [21–23]. The unique nature of the dataset has seen
it widely utilised in studies where large volumes of simultaneously re-
corded leads are desired. The 117 nodes in each BSPM have beenmulti-
plied with transformation matrix to get 352 nodes that provide greater
resolution. The ECG dataset is comprised of three different subjects in-
cluding 151 normal, 151 Myocardial Infarction (MI) and 151 Left Ven-
tricular Hypertrophy (LVH) patients. All patients with MI had a typical
history of prolonged, ischemic-type cardiac pain and characteristic
changes in enzyme levels. In most cases, the diagnosis was further sub-
stantiated by coronary angiography and ventriculography, echocardiog-
raphy, or nuclear angiograms during which multigated,
technetium99m-labeled blood pool imaging was performed. We ex-
tracted ECG signals for V1 and V2 in their correct and incorrect positions
in three ICS (1st, 2nd and 3rd). Class labels were balanced where 50% of
cases are correct and 50% are incorrect ECGs to avoid bias. Nodes num-
bered 169 and 171 in the green color (refer to Fig. 1) represent both
leads V1 and V2 respectively in their correct positions.

Nodes 126 and 128 in the blue color represent the misplaced leads
V1 and V2 in the third ICS, nodes 83 and 85 in blue color represent V1
and V2 misplacement in the second ICS and node 43 and 45 in blue
Fig. 1. Dalhousie torso
color represent V1 and V2misplacement in the first ICS. The ECG signals
were recoded simultaneously from each patient for leads V1 and V2.

Feature extraction

ECG features were extracted in three different domains: 1) Time do-
main: we considered P wave amplitude (regardless to monophasic and
biphasic Pwaves), PR interval, QRS onset value, R-wave peak amplitude,
offset of the QRS and S wave amplitude, 2) Statistical domain: mean,
standard deviation, skewness, and kurtosis of the ECG signal, and
3) Time-frequency features: discretewavelet transform (DWT)was ap-
plied using 4 levels and symlets wavelet mother function. We retrieved
four detailed coefficients (D1, D2, D3, D4).We considered the first max-
imum three values of D3 as features. Table 1 describes feature ID, do-
main and description.

Feature selection

A selection technique that is used to provide a subset of features that
provides a good classification result. The Filter method and the wrapper
method have been applied sequentially. Firstly, Filter method including
mutual information feature selection (MIFS) using Eq. (1), maximum
relevanceminimum redundancy (MRMR) using Eq. (1), jointmutual in-
formation JMI using Eq. (1), Entropy using Eq. (2) and Relief using
Eq. (3) has been used to rank feature from the most important feature
to least important feature. Secondly, wrapper method using a back-
wards elimination algorithm has been applied on ranked features to
find an optimal set of features as inputs to the ML classifiers. The back-
wards elimination algorithm starts with all 16 features and removes
features, one by one, the point atwhich removing a feature does not im-
prove performance.

f t ¼ arg maxI xi; yð Þ− α
Xt−1

k¼1

I xfk; xi
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−β
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with 352 nodes.
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Table 1
Feature ID, domain and description.

Feature
ID

Domain Feature description

1 Time domain P wave amplitude
2 Time domain PR interval
3 Time domain QRS beginning value/P wave amplitude
4 Time domain P wave amplitude/QRS beginning
5 Time domain R wave/end of QRS
6 Time domain S wave amplitude
7 Time domain End of QRS/R wave
8 Statistical domain Mean of ECG signal
9 Statistical domain Variance of ECG signal
10 Statistical domain Standard deviation of ECG signal
11 Statistical domain Skewness of ECG signal
12 Statistical domain Kurtosis of ECG signal
13 Time-Frequency

domain
First maximum value of D3/Third maximum
value of D3

14 Time-Frequency
domain

First maximum value of D3/Second maximum
value of D3

15 Time-Frequency
domain

Second maximum value of D3/Third maximum
value of D3

16 Time-Frequency
domain

First maximum value of D3/First maximum value
of D3
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where x represents features and y represents labels

In JMI : α ¼ 1
t−1

and β ¼ 1
t−1

In MIFS : α ¼ 0 and β ¼ 0

In MRMR : α ¼ 1
t−1

and β ¼ 0

H Xð Þ ¼ −
X

p xð Þ log2p xð Þ ð2Þ
Table 2
Lead misplacement detection accuracy of V1 and V2 using ML in each ICS.

V1 1st intercostal space

JMI15f MIFS16f MRMR13f RELIEF16f ENTR15

FTREE 89.9% 89.9% 91.6% 87.2% 89.3%
CTREE 88.3% 84.2% 85.9% 86.6% 89.3%
LOGT 87.9% 84.9% 85.2% 83.9% 83.2%
LSVM 87.6% 82.9% 82.9% 82.6% 83.6%
QSVM 93.9% 90.3% 87.9% 88.9% 91.6%

V1 2nd intercostal space

JMI15f MIFS16f MRMR16f RELIEF15f ENTR16

FTREE 85.2% 88.6% 82.6% 84.9% 84.2%
CTREE 83.6% 82.2% 81.9% 85.9% 86.2%
LOGT 82.9% 82.9% 81.9% 82.6% 81.5%
LSVM 84.9% 84.2% 83.6% 84.6% 82.6%
QSVM 85.6% 86.6% 86.2% 86.9% 89.3%

V1 3rd intercostal space

JMI15f MIFS15f MRMR16f RELIEF16f ENTR15

FTREE 63.4% 60.1% 69.1% 65.8% 61.7%
CTREE 63.4% 69.5% 68.5% 71.1% 68.5%
LOGT 70.1% 72.8% 67.4% 67.8% 70.8%
LSVM 70.8% 71.1% 66.8% 70.8% 70.1%
QSVM 65.4% 68.1% 69.5% 68.5% 65.1%

Bold represent the best accuarcy in each intercostal space in V1 and V2.
FTREE: fine tree, CTREE: coarse tree, LOGT: logistic regression, LSVM: linear support vectormach
information feature selection, MRMR: maximum relevance minimum redundancy, ENTR: entr
accuracy in feature selection algorithm.
where x represents features

Wi ¼ Wi− xi−nearHitið Þ2 þ xi−nearMissið Þ2 ð3Þ

w is the weighted vector initialised with zeros, where x represents
features, nearHit is the closest same class instance and nearMiss is the
closest different class instance.

Classification

V1 and V2 placement were classified separately to detect misplace-
ment. Five machine learning classifiers have been used to get the best
possible accuracy including: 1) Fine tree (FTree), 2) Coarse tree
(CTree), 3) Logistic regression (LOGT), 4) Linear support vectormachine
(LSVM) and 5) Quadratic support vector machine (QSVM). Machine
learning classifiers performance were evaluated using accuracy
(Eq. (4)), sensitivity (Eq. (5)) and specificity (Eq. (6)). A true positive
test result was defined as incorrect electrode placement correctly iden-
tified as incorrect and a true negative was defined as correct electrode
placement correctly identified as correct.

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN

ð4Þ

TP: True Positive, TN: True Negative, FP: False Positive, FN: False
Negative

Sensitivity ¼ TP
TP þ FN

ð5Þ

Specificity ¼ TN
TN þ FP

ð6Þ

Results

The best accuracy for V1 misplacement detection as shown in
Table 2 was 93.9%, 89.3%, 72.8%, sensitivity was 96.6%, 89.9%, 71.1%
V2 1st intercostal space

f JMI15f MIFS13f MRMR13f RELIEF16f ENTR15f

89.3% 87.2% 87.9% 91.3% 90.9%
86.2% 87.2% 86.2% 88.3% 86.9%
91.3% 89.3% 87.6% 85.6% 85.9%
88.6% 88.6% 84.9% 86.9% 84.9%
93.6% 93.6% 89.3% 87.2% 92.3%

V2 2nd intercostal space

f JMI15f MIFS16f MRMR12f RELIEF16f ENTR15f

78.2% 86.6% 84.6% 79.5% 83.6%
75.8% 79.9% 79.2% 79.5% 79.5%
76.2% 79.5% 79.5% 75.5% 81.9%
77.5% 80.9% 83.2% 76.2% 80.2%
80.9% 84.2% 81.9% 77.5% 84.2%

V2 3rd intercostal space

f JMI15f MIFS15f MRMR12f RELIEF15f ENTR15f

58.7% 60.1% 59.1% 60.4% 57.7%
58.7% 59.1% 61.7% 63.1% 57.0%
67.1% 66.4% 64.8% 68.5% 62.1%
64.8% 64.4% 61.4% 63.1% 62.4%
61.1% 68.1% 65.1% 65.4% 61.1%

ine, QSVM: quadratic support vectormachine, JMI: jointmutual information,MIFS:mutual
opy. Superscripts such as MIFS13f represent the best number of features to provide a good



Fig. 2.Accuracy in each ICS using fiveML classifiers. Each subplot represents accuracy in each combination betweenML classifiers and feature selection algorithms in 1st, 2nd and 3rd ICS.
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and specificity was 91.2%, 88.5%, 74.5% in the first, second and third ICS
respectively. In V2, the best accuracy for lead misplacement detection
was 93.6%, 86.6% and 68.1%, sensitivity was 95.3%, 86.6%, 67.1% and
specificity was 91.9%, 86.6%, 69.1% in the first, second and third ICS re-
spectively. Fig. 2 shows accuracy for each classifier combined with
each feature selection algorithm in three ICS and QSVM provides the
best performance for detecting misplacement.

In the first ICS, in V1 the best classifier was QSVM and the best fea-
ture selection algorithm was JMI and in V2 the best classifier was
QSVM and the best feature selection algorithm was JMI and MIFS. In
the second ICS, the best classifier was QSVM combined with Entropy
for V1 and FTREE combined with MIFS for V2, while in the third ICS,
the best performance was for LOGT combined with MIFS for V1 and
QSVM combined with MIFS for V2.

Discussion

In this study, a newmethodwas applied and achieved a high accuracy
to detect chest leadmisplacement, particularly in the first and second ICS,
while, there is a noticeable decline in accuracy when there is lead mis-
placement in the third ICS. This is theoretically expected, since the ECG
features will be more similar to features recorded in the correct 4th ICS.
QSVM and FTREE have the best performance (from 86.6% to 93.9%) in
the first and second ICS using JMI, MIFS and entropy as a feature selection
algorithm. This study used the same morphological features in previous
researches, but with using some different classifiers like QSVM and by
adding new features, like time-frequency feature and statistical features.
Thedeveloped algorithmcould help clinicians to reduce thenumber of in-
correctly performed ECGs and reduce time and cost of performing a new
ECG and as a consequence, this could help physicians to get an accurate
and quick diagnosis using correct recorded ECG. Future research will
therefore aim to improve detecting of chest lead misplacement accuracy
in the third ICS using alternative techniques or by showing the probability
of that lead being misplaced to enable clinicians to decide if they need to
record the ECG again. The inclusion of new features such as relative fea-
tures that for example incorporates similarities and ratios between fea-
tures extracted from the two leads (e.g. correlation between V1 and V2
or the ratio between amplitudes such as the R peaks) will also be investi-
gated. Further experimentationwith deep learning should also be carried
out to detect lead misplacement and compare the machine learning
models with the performance of criteria such as rSr′ for classifying V1
misplacement [24]. Alternatively, based on these results, amedical device
companymayonlywant to deploy an algorithm todetect leadsmisplaced
in the second intercostal space until the accuracy of detecting leads placed
in the third intercostal space is improved. In thisway, ECG recording qual-
ity can be iteratively improved. A comparison of the performance of these
modelswith the performance of healthcare professionals in classifying V1
and V2 lead misplacement will lead to further insights and possible
improvements.

Conclusion

In this work, QSVM and FTree provide the best performance for de-
tecting chest lead misplacement in the 1st and 2nd ICS QSVM, while
LOGT andQSVMhave the best performance in the 3rd ICS. Based on fea-
ture selection algorithm, in the 1st ICS the best feature selection algo-
rithm was JMI. In the 2nd ICS, the best algorithm was entropy and
MIFS, while in the 3rd ICS MIFS performs better than the other feature
selection algorithm. Based on results, a derivation study should be car-
ried out using a broader dataset to check if the invented algorithm can
improve ECG data quality and decision making in cardiac care. And to
prospect the effects of type 1 and type 2 errors.
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