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Abstract. Electrocardiogram (ECG) is one of the reference cardiovascular
diagnostic exams. However, the ECG signal is very prone to being distorted through
different sources of artifacts that can later interfere with the diagnostic. For this
reason, signal quality assessment (SQA) methods that identify corrupted signals are
critical to improve the robustness of automatic ECG diagnostic methods. This work
presents a review and open-source implementation of different available indices for
SQA as well as introducing an index that considers the ECG as a dynamical system.
These indices are then used to develop machine learning models which evaluate the
quality of the signals. The proposed index along the designed ML models are shown
to improve SQA for ECG signals.
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1. Introduction

Electrocardiogram (ECG) is an important diagnostic tool, serving as an inexpensive,
non-invasive, quick, and safe tool to acquire several important heart physiology's
parameters. Nowadays, ECG signals are often interpreted by automatic diagnostic tools
[1] which mostly rely on machine learning (ML) or Deep Learning (DL) techniques. An
important challenge encountered by these methods is signal interactions with external
and undesirable sources. ECGs are often exposed to undesirable sources, which we will
refer to as artefacts. These alterations affect the automatic classification and detection of
heart pathologies by raising false alarms leading to misdiagnosis [2]. The most common
artefacts encountered are [3]: i) Baseline Wander (BW) : A low-frequency artefact
caused by the patient's respiration or body motions as well as poor electrode contact. ii)
Power Line Interference (PLI): A bandpass artefact due to the ambient sector power line
and iii) Electromyographic artefact (or muscle artefact): A wide range frequency artefact
caused by ambient muscle activity (e.g., body movement). BW and PLI can be removed
by using sets of digital signal filtering methods (such as Bandpass or Butterworth filters)
[4]. Muscle artefact is the most troublesome as its frequency range overlaps greatly with
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that of the ECG signal [3]. In that case, common filtering methods would distort the ECG
signal [3].

As the different artefacts cannot be removed without altering the ECG signal,
various Signal Quality Assessment (SQA) methods have been developed [5,6] to assess
the quality of the signal and prevent misdiagnosis on very noisy signal. However, a lack
of clarity in the methods used has been identified in the literature [7]. In addition, most
SQA methods leverage only frequency bands or correlation across signals not
considering the dynamical nature of the ECG signal. The contributions of the presented
research are three-fold: i) the evaluation of a range of different indices commonly found
in the literature with an open-source implementation of the indices in Python, ii) a new
dynamical index used for the first time in the context of ECG SQA, iii) ML based models
for SQA of ECG signals.

2. Methods

The presented research is based on data from the “PhysioNet 2011 challenges” (referred
to as Cinc2011) [8]. This dataset is still the most used for the evaluation of SQA methods
on ECG signals [5,7]. It contains 12-leads ECG records for 1000 patients. The signal
quality of each ECG record was assessed by multiple annotators, as either “acceptable”
(773 ECGs), “unacceptable” (225 ECGs), or "undetermined" (2 ECGs).

The following indices from the literature were included in the developed SQA

methods:

e  Wavelet Probability Mass Function (wPMF): Ratio of the energy contained in
sub-band frequency to the entire signal's energy, measured using wavelet
decomposition.

e Signal-to-Noise Ratio for ECG (SNR): Ratio of the signal's Power Density
Spectrum (PSD) in ECG frequency range (2-40 Hz) to the PSD found outside
this range.

e Flatline detection (F): Percentage of the lead that is flat.

e Heart Rate (HR): Heart rate measured by calculating the RR interval using the
Pan-Tompkins algorithm.

e Intralead Correlation Coefficient (rinra): Pearson correlation between each QRS
complex in a given lead and the average QRS signal in this lead.

e Interlead correlation coefficient (riner): Pearson correlation between each lead.

The main caveat of indices presented above is that most of them are not able to make an
efficient separation between the signal and artefact sources. Most of them rely only on
frequency bands to separate the ECG signal from the noise. The Time Series Dimension
(TSD) [9] index considers the ECG signal as a measurement of a dynamical system. It
corresponds to a measure of signal’s predictability. This index determines the fractal
dimension of a time series using the Higuchi method as follows:
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where L, represent the mean length of lead q, using a sampling time of 8, = k X At.
Here, D € [1,2] is the fractal dimension of the signal with 1 indicating a signal with
only deterministic components, 1.5 only stochastic components and 2 being equal to
white noise. This index was implemented with slight modifications to consider flatline
cases. It was found that the Higuchi method can be unstable if the signal is close to a
horizontal line [10]. The value of the TSD was set to 2 if any flatlines were present in
the signal. Further studies analyzing sensibility of this method to different noise types
can be found on the GitHub page?’.

2.1. Individual index evaluation

The indices were first evaluated individually on the 2011 PhysioNet dataset. Different
metrics are commonly reported in the literature to evaluate SQA tasks but the Matthew’s
correlation coefficient (MCC) has recently been recommended for this type of study [7].
This metric was used to select the best model as it best summarizes a model performance
for two-class unbalanced classification tasks. In this study, the positive class was
designed as the class corresponding to ECG deemed of an unacceptable quality.
Considering the context of developing an SQA method as part of a pipeline for automatic
ECG classification, we are particularly interested in finding signal with non-acceptable
quality. The metrics presented next therefore make more sense with this convention. A
five-fold approach was used to determine the optimal threshold applied to transform each
index into a binary label. For each fold, we determined the optimal threshold by taking
the value maximizing the MCC metric. At the end of the stratified cross validation
process, the metrics were averaged across all folds. All the indices and models are
publicly available on GitHub?.

2.2. Model development and evaluation

Following the individual evaluation of the indices, the latter were used as input features
for the development of ML-based classification models. An initial feature selection
process was performed to extract the most relevant indices. The mean of each index
across the 12 leads was used as the input feature for all feature except the heart rate. For
the heart rate, the minimal value computed across the lead was used. Three different
feature selection methods: were tested: i) a backward model selection based on the p-
value with the Akaike Information Criterion (AIC) used as the stopping criterion, ii)
Logistic regression model with L2-regularisation, iii) Mutual Information (MI) filter-
based algorithm [11]. The Historical JMI developed by Gocht et al. [12] was used to
select the optimal set of features based on this last method.

Prior to this step, all indices were normalized between zero and one, with one
indicating perfect signal quality. Two models were then evaluated using the features
selected by the different feature selection methods: i) a logistic regression and ii) a light
Gradient Boosted Machine (GBM) based tree algorithm [13]. The logistic regression
model was adapted to classify an ECG as bad quality if an unacceptable heart rate was
measure, either below 24 BPM or over 420 BPM. The light Gradient Boosted Machine
decision tree (LGBM) was trained with a focal loss [14]. Hyperparameter optimization
was performed to determine the optimal learning rate, number of leaves, maximum tree
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depth, the maximum bin number, the parameter for L1 and L2 regularization, the
minimum gain to split, the bagging fraction and frequency.

3. Results

Results for the individual evaluation of the indices as well as the developed models are
presented in Table 1. The features selected by the three different selection methods are
presented in Table 2.

Table 1. Classification metrics along the derived optimal threshold for each of the eight individual indices as
well as the developed ML models built using these indices. For the developed models, the first three columns
refer to a logistic classification model trained with features selected using three different feature selection
methods. Aroc and Apr stand respectively for area under the ROC and PR curve. Prec. stands for precision,
Rec. for recall, Spec. for specificity, Acc for accuracy, MCC for Matthew’s correlation coefficient and T for
threshold.

Individual index Developed Models

Tinter F lima WPMF  HR SNR TSD | L2-reg HIMI p-value LGBM
Aroc  0.82  0.72 0.87 0.87 0.82 0.88 0.67 0.93 0.93 0.94 0.96
Apr 0.79 0.66 0.81 0.77 083 0.78 0.62 0.86 0.88 0.87 0.91
Prec. 093 097 095 0.96 093 086 095 0.82 0.85 0.86 0.93
Rec. 063 045 0.56 0.48 0.66 059 041 0.73 0.75 0.75 0.71
F1 075 062 0.7 0.64 077 0.7 0.8 0.77 0.80 0.80 0.80
Spec.  0.99 1 0.99 0.99 099 097 0.99 0.95 0.96 0.97 0.98
Acc. 091 087 0.89 0.88 091 088 0.86 0.9 0.91 0.92 0.92
MCC 0.72  0.61 0.67 0.63 073 0.65 0.57 0.71 0.74 0.75 0.76
T 06 045 038 0.89 1 0.52 0.56 0.36 0.36 0.29 0.52

Table 2. Selected features using the 3 different features selection methods.

Feature selection model Selected features
Backward model selection (p-value) Tinter » WPMF, HR, TSD
HJMI Tinter » SNRECG; TSD: Tintra
L2-regularization (C=1) Tinter  SNR, HR, Tinga , WPMF

4. Discussion and Conclusions

The study aimed to evaluate different indices both individually and as features for ML-
based classification models to classify the quality of ECG signals. In addition, the TSD
index was for the first time evaluated in the context of ECG SQA. This study was
motivated by the lack of literature that rigorously assessed the performance of the indices
previously developed. Indeed, many studies relabeled ECGs according to their personal
requirement preventing a fair comparison across studies. With this work, we introduce a
thorough evaluation of different common indices on an important benchmark as well as
a novel index not previously used in the context of SQA methods. Another important
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aspect is the lack of open implementation in Python in the literature. With this study, we
also released an open-source implementation of all indices on Github.

The HR and riner are the indices showing the best individual classification
performance as shown in Table 1. The TSD index showed relatively low performance
when considered by itself but was interestingly found to be included by two (best
performing) out of the three feature selection methods tested (see Table 2). The proposed
index therefore seems to bring new information for the quality assessment not captured
by the other indices commonly found in the literature. The TSD is the only index
considering the ECG signal as a dynamical system and can therefore capture source of
noise which lies in the same frequency bands as the signal itself. Combining indices as
part of a ML based model was found to perform better than the individual index as shown
in Table 1. Across most of the metrics and especially when considering the MCC, the
LGBM model was found to outperform the logistic classification models.
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