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Abstract

Noise detection plays a key role in the automatic analy-
sis of ambulatory electrocardiogram (ECG). The scientific
literature on this matter has been focused on normal ECG
vs noise classification. In this study, four ECG databases
were combined into a single database containing normal
ECG, noise episodes, and ventricular arrhythmias. Twelve
noise indexes were considered, two of which were devel-
oped in this study (edp, inv). Univariate analysis of each
noise index shows that some indexes lacked a strong as-
sociation to the signal quality outcome. The relative use-
fulness of each index was gauged by training a decision
tree model with 10-fold cross-validation and assessing the
feature importance. Five indices were found to be most
predictive of noise, including edp and inv, with average
classification test performances of MCC = 0.743, sensitiv-
ity = 0.744, specificity = 0.965, and average specificity on
ventricular arrhythmias = 0.952.

1. Introduction

Ambulatory ECG is an established technique in clin-
ical practice, where ECG is recorded for a time dura-
tion ranging from several hours to up to one week in
length. Its purposes include detection of rare arrhythmia
episodes, investigation of symptoms, monitoring the ef-
fects of medication, and assessing the response to different
conditions like sleeping or free-living activity. The ambu-
latory ECG recording is typically analyzed by a set of al-
gorithms tasked with measuring several parameters related
to the status of the subject’s heart. A trained professional
assesses the analysis report and eventually provides the pa-
tient with a diagnosis and therapeutic indications.

Ambulatory ECG is notoriously subject to several
sources of noise and interference[1], and excessive noise is
discarded with dedicated noise detection algorithms. This
task is particularly challenging due to the ample variability
shown by abnormal ECG compared to normal ECG. Noise
episodes could be mistaken as clinically relevant ECG and

Computing in Cardiology 2024; Vol 51

rare ECG events could also be incorrectly labeled as noise.

Noise detection has historically been performed through
noise indices, i.e. measures of the effect of noise on the
ECG record. These are also known as feature-based ap-
proaches. Typically, these noise detection models fea-
ture multiple noise indices that attempt to capture multiple
sources of interference [2]. More recently, the advent of
machine learning popularized non-feature-based methods,
where signal quality is assessed right on the ECG [3]. Ma-
chine learning has also proven to be an essential tool for
feature-based approaches, as complex relations between
noise indices can be modeled by performing model train-
ing on large enough databases.

Many ECG signal quality assessment approaches have
been proposed [3]. However, few of them have been
specifically targeted at evaluating noise detection in pres-
ence of abnormal ECG. In this study, several noise indices
are evaluated on ambulatory ECG signals with ventricular
arrhythmias. Ventricular arrhythmias differ substantially
in both pattern and rhythm compared to normal ECG, and
thus noise indices originally developed on normal ECG
databases may be less predictive of noise presence in ar-
rhythmic ECG.

2. Methods

2.1. Data

Four databases were included in this study:

o The Physionet/Computing in Cardiology Challenge
2011 Database [4], which features clean 12-lead ECG, flat
signals, electrode placement errors, and noise.

o The MIT-BIH Malignant Ventricular Ectopy Database,
[5], a collection of 2-lead Holter ECG records which in-
cludes noise and annotated episodes of ventricular arrhyth-
mias: ventricular tachycardia, fibrillation, or flutter.

o Cardioline’s Private R&D Database, composed of 25
records of 3-lead or 12-lead Holter ECG records, 20 min-
utes long each. This database includes clean ECG, both
normal and abnormal, as well as numerous noise episodes.
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o A simulated database generated with the simulator de-
scribed in [6]. This database was included to increase the
prevalence of ventricular arrhythmias and noise episodes.
A total of 60 12-lead ECG records were simulated. Each
record is 1 minute long and is sampled at 1000 Hz. Half of
these records (30) feature noise episodes, which were sim-
ulated as a mixture of muscle noise and motion artifacts.
The other 30 records feature clean ECG with ventricular
tachycardia episodes.

An expert human data curator labeled the signal quality
of leads I, II, and V1 to V6 of each database. Each 2 sec-
ond single-lead ECG window was labeled independently
of the other leads. A binary outcome Y was assigned to
each 2 s ECG window k, with Y3, = 0 for clean ECG and
Y, = 1 for noise. This procedure was computed using a
custom MATLAB graphic interface. The data curator dis-
carded ECG windows of uncertain quality that could be la-
beled either way. Windows with missing signals were also
discarded. Additionally, a second label V was assigned to
each 2 s ECG window, where V), = 1 for each 2 s window
of clean ECG with ventricular arrhythmias, and Vj, = 0 for
all other records.

The labeled records were merged in a single database
composed of 148502 records, with 30358 (20.4 %) records
of noise and 118144 (79.6 %) records of clean ECG.
Among the clean ECG records, 10768 (7.25 %) featured
ventricular arrhythmias.

2.2.  Noise Indices

Ten noise indices from relevant scientific literature were
selected for this study. These indices are kurtosis (abbre-
viated as kur) [2], skewness (skew) [2], relative power in
the QRS complex (rpow) [2], relative power in the base-
line (bas) [2], in-band to out-of-band spectral power ratio
(ior) [7], modulation spectrum quality index (msqi) [8],
signal-to-noise ratio computed with wavelet decomposi-
tion (wave) [9], high order statistic (hos) [10], sample en-
tropy (se) [11]. Additionally, two novel noise indices were
also included: the ECG derivative pattern index (edp) and
signal slope inversions over a minimum threshold (inv).
The edp index was defined as

_ mDs —mDn — mDhn + €
"~ mDs + mDn + mDhn + €

edp ey
where mDs is the average of the unsigned derivative max-
ima in consecutive 0.67-second windows, mDn, mDhn are
the average of the unsigned derivative maxima in con-
secutive 0.067-second windows, and € is a small con-
stant. The derivative used for mDs and mDn was computed
through the band-pass FIR filter with impulsive response
hi1 = [-1,0, 1], while the derivative used for mDhn was
computed through the high-pass FIR filter with impulse

response hy = [—1, 1]. This noise index models the quasi-
periodic nature of the ECG signal, characterized by a se-
quence of high-energy events.

The inv index was defined as the number of sign changes
in the slope of ECG that are tied to non-negligible ampli-
tude variations. Calculating this index requires the iden-
tification of all the time points ¢,, where the sign of the
signal’s first derivative changes:

tn:sgn (@, 41 — x1,) # sgn(ze, — 2¢,-1) (2

The difference in amplitude between each pair of consec-
utive tn points is then computed to form set D

D= {Jitz T Lty Tty — Lty -5 Tty — J?tN—l} 3)

Neighboring elements of D are summed if their absolute
value is lower than a set threshold M, set at 100 pV. E.g.,
if |24, — x| < M, D is updated to set D":

D/z{xt?’—xtl,...,xm—xm_l} (4)

This process is repeated from the first element of the set
until no amplitude difference is lower than threshold M,
obtaining set D*. The inv index is the size of D*:

— 5)

Each noise index was computed for each of the 148502
records of the annotated database, resulting in a data ma-
trix with 148502 rows by 12 columns.

2.3. Experimental Setup

Each noise index was first analyzed in an univariate set-
ting, to investigate the ability of each measure to distin-
guish between clean ECG and noise. The strength of the
relationship between each noise index and outcome Y was
assessed with Cohen’s d, investigating the difference be-
tween the means of the two groups (Y, = 0 and Y = 1).
Additionally, logistic regression (LR) between each index
and signal quality outcome Y was fitted. The relative use-
fulness of each noise index relative to the others was also
gauged in a multivariate setting, where a decision tree was
fitted in 10-fold cross-validation. No data from the same
human patient was put into different folds to avoid data
leakage. The feature importance of each of the ten de-
cision trees was adopted as a measure of the predictive
power of each index when considering all indices together.
To counter the effects of imbalanced data, different sam-
ple weights were used in model training. Noise records
(Yx = 1) were assigned a weight w,, clean ECG records
without ventricular arrhythmias (Y, = 0, Vi = 0) were
assigned a weight w,, and clean ECG records with ven-
tricular arrhythmias (Y, = 0, Vi = 1) were assigned a
weight w,. These weights were defined so that w,n, =
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WeNe = WyN,, Where n,,, n., and n, are the number of
records of the three groups. This device ensured a high
sample weight for clean ECG with ventricular arrhythmias
records. In turn, this ensured a higher loss for misclassifi-
cation of these records. Model training was carried out in
MATLAB.

The performances of logistic regression and decision
tree models were measured with confusion matrix metrics.
In the confusion matrix noise instances were considered
as positives, while clean ECG records were considered as
negatives. Performances of logistic regression were mea-
sured with Matthew’s correlation coefficient (MCC). Deci-
sion tree classification performances were evaluated with
MCC, sensitivity (Se), and specificity (Sp). Additionally,
specificity on records of clean ECG with ventricular ar-
rhythmias (SpV) was also introduced to highlight model
performance on the most critical subclass.

3. Results

3.1. Univariate Analysis

Table 1 shows Cohen’s d values and the MCC of lo-
gistic regression fit for each noise index. Large effects of
Cohen’s d, i.e. |d| > 0.8, were found for only six of the
twelve noise indices: kur, msqi, snr, se, edp, and inv. The
MCC of logistic regression was higher for the se, edp, and
inv indices, while other indices struggled with binary clas-
sification. These results suggest that some noise indices
are more strongly related to the quality outcome than oth-
ers, especially se, edp, and inv.

Index Cohen’s d LR MCC
kur 0.806 0.041
skew 0.229 0.007
rpow 0.401 0.012
bas 0.094 0.000
ior 0.136 0.000
msqi 1.057 0.191
snr -0.841 0.200
wave 0.616 0.279
hos 0.329 0.000
se -1.345 0.431
edp 1.760 0.603
inv -2.201 0.621

Table 1. Cohen’s d and Matthew’s correlation coefficient
(MCC) of logistic regression (LR) fit for each noise index.

3.2.  Multivariate Analysis

Figure 1 shows the average, minimum, and maximum
feature importance for the classification trees trained on
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Figure 1. Feature importance of the ten decision
trees trained on the labeled dataset with 10-fold cross-
validation.

labeled data with 10-fold cross-validation. Notably, de-
spite variation in the importance values, all classification
trees favored five indices: wave, hos, se, edp, and inv. The
information content of other indices appeared to be over-
shadowed by these five features. In Table 2 the average,
minimum, and maximum MCC, Se, Sp, and Spv of the
decision trees are shown. These metrics were computed
on the ten test folds. Due to the high sample weights de-
fined for clean ECG records with ventricular arrhythmias,
each decision tree was biased toward lower sensitivity to
noise (0.743 on average) and higher specificity on ventric-
ular arrhythmias (0.952 on average). The wide variation in
MCC s likely to be attributed to some test folds containing
data that was not represented in the corresponding training
folds.

Metric Average (min - max)
MCC 0.747 (0.545 - 0.887)
Se 0.743 (0.452 - 0.913)
Sp 0.965 (0.926 - 0.992)
SpV 0.952 (0.871 - 1.000)

Table 2. Average, minimum, and maximum test perfor-
mances of the decision trees trained on the labeled data
with 10-fold cross-validation.

4. Discussion and conclusions

Ambulatory ECG maintains a fundamental role in clin-
ical practice, and its relevance for on-demand monitor-
ing through commercial devices increases as wearable and
portable ECG devices become popular. Thus, accurate and
efficient ECG automatic analysis can benefit both patients
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and healthcare professionals. In this study, the ability of
several noise indices to separate clean ECG from noise was
evaluated on a database that included ventricular arrhyth-
mias. Ventricular arrhythmias are cardiac events of utmost
importance, which may entail severe risk of cardiovascular
disease and sudden cardiac death.

The univariate analysis results show that some of the
considered noise indices were not strongly related to the
signal quality label. One such example is kurtosis, which,
despite having a large effect size, reached a very low MCC
in logistic regression. Thus, even with a large difference
in the means of the clean ECG and the noise groups, the
significant variability in the individual observations com-
plicated binary classification. Kurtosis is one of the most
popular ECG noise indices. However, in this ambulatory
ECG that includes ventricular arrhythmias, kur appeared
to be less predictive of the presence of noise.

When considering all noise indices together, five of
them emerged as the most important for decision tree clas-
sification. Of note, se, edp, and inv showed both the high-
est feature importance as well as the largest effect in Co-
hen’s d analysis. The edp and inv indices were introduced
in this study, and these findings suggest that these two
signal quality measures are promising and warrant further
evaluation and development. Classification performances
resulted in an average MCC of 0.743, average sensitivity
of 0.744, average specificity of 0.965, and average speci-
ficity on ventricular arrhythmias of 0.952. The bias toward
specificity is owed to the high sample weights assigned
to ventricular arrhythmias as well as the heterogeneity of
noise episodes. This bias is not undesired, as misclassifi-
cation of ECG as noise should be avoided.

Further developments to accurate noise detection in am-
bulatory ECG would require more labeled data of both
noise and pathologic ECG such as ventricular arrhythmias.
Additionally, different classification models could reach
higher performances, both feature-based and otherwise.
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