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Abstract. Accurate identification of the QRS complex is critical to analyse heart 

rate variability (HRV), which is linked to various adverse outcomes in premature 
infants. Reliable and accurate extraction of HRV characteristics at a large scale in 

the neonatal context remains a challenge. In this paper, we investigate the 

capabilities of 15 state-of-the-art QRS complex detection implementations using 
two real-world preterm neonatal datasets. As an attempt to improve the accuracy 

and reliability, we introduce a weighted ensemble-based method as an alternative. 

Obtained results indicate the superiority of the proposed method over the state of 
the art on both datasets with an F1-score of 0.966 (95% CI 0.962-0.97) and 0.893 

(95% CI 0.892-0.894). This motivates the deployment of ensemble-based methods 

for any HRV-based analysis to ensure robust and accurate QRS complex detection.  
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model, artificial intelligence 

1. Introduction 

Extremely preterm infants (born at 28 weeks or less) and very low birth weight 

(VLBW) babies (<1500g) have a higher risk of death and permanent disabilities. 

Physiological characteristics derived from Electrocardiogram (ECG), such as heart rate 

variability (HRV) can provide crucial information relating to adverse outcomes [1]. 

With the advent of big data and artificial intelligence (AI), sophisticated techniques 

using HRV markers from large-scale ECG signals are becoming popular in detecting 

adverse outcomes ahead of a clinical diagnosis [2]. The first step of HRV analysis is 

the accurate detection of R waves from the QRS complex, which indicates the heartbeat. 

This is a challenging signal detection process given the common issues of ECG noise 

related to the physical size of the chest wall of a micro premie. Over the years, many 

advanced computational techniques have been developed to efficiently detect QRS 
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complex from large-scale ECG data. However, the outcomes of these techniques can 

vary widely depending signal characteristics, collection methods and pre-processing 

techniques. In a scoping review by Latremouille et al. [1], it was reported that a large 

number of studies analysing neonatal HRV did not report the techniques and tools used 

to handle the ECG data and R wave identification. Therefore, reliable and accurate 

extraction of HRV characteristics at scale in the neonatal context remains a challenge. 

To tackle this issue, we evaluate and compare the performance of several state-of-

the-art QRS complex detection algorithms on two real-world premature infant ECG 

datasets. We also introduce and evaluate a weighted ensemble algorithm that leverages 

the best-performing of these algorithms to deliver consistently superior performance. 

2. Methods 

2.1. Datasets 

Two datasets consisting of ECG waveforms from premature infants were used in this 

study. The first one was the publicly available Preterm Infant Cardio-Respiratory 

Signals (PICS) database [3]. The dataset contains ECG signals collected from ten 

premature infants collected at 250/500 Hz. The total duration of the dataset was � 440 

hours. R waves from QRS complexes were extracted using a modified Pan-Tompkins 

algorithm [4]. Then, the peaks were visually inspected by the researchers to remove 

artifacts and any erroneous peaks to determine the ground truth. 

        The second dataset contains 16 ECG data snippets collected at the Neonatal 

Intensive Care Unit (NICU) at Westmead Hospital, Sydney, Australia. The ECG 

signals are a subset from a de-identified dataset described in Jani et al. [5], collected at 

a sampling rate of 1000 Hz (Ethics approval number 2021/ETH00824). The total 

duration of this dataset was � 52 hours. R wave detection was done using the HRV 2.0 

module of ADInstruments LabChart (Dunedin, New Zealand). These results were then 

checked by one researcher and a manual process of updating missed peaks and 

erroneous peaks was conducted. Finally, the updated annotations were reviewed by an 

expert neonatologist to finalise the ground truth. Both datasets were recorded from 

bedside patient monitors, using Intellivue MP70 device (Philips Medical Systems). 

2.2. Data Pre-processing and QRS Complex Detection Benchmarks 

Raw ECG data was pre-processed using a 0.5 high-pass fifth-order Butterworth filter. 

Then the powerline interference (50 Hz) was removed. In this study, a total of 15 state-

of-the-art QRS complex detection methods [6-16] were analysed. Implementations of 

these algorithms in the Python biosignal processing toolboxes, Biosppy [17] and 

Neurokit [18], were employed. All algorithms were executed using their default 

settings to conduct a fair comparison of the methods. An additional step of peak 

correction was done with a maximum tolerance of ten samples. 

2.3. Proposed Weighted Ensemble Method 

As an attempt to improve the robustness and accuracy of the individual methods, we 

employed the theoretical foundations of the Condorcet jury theorem used in ensemble 
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learning [19] where state-of-the-art methods were potential ensemble members. 

Considering that some of the methods are likely to perform better than others here we 

introduced a weighted approach that takes the form of Logistic Regression (LR) with 

lasso regularization instead of majority voting. To ensure that adding more ’voters’, i.e. 

methods, will increase the probability that the majority decision is correct we 

considered only the QRS detection methods that had individual performance greater 

than 0.7 in F1-score. Training of this weighted ensemble model was done using two-

thirds of the data, and one-third was used in testing. Stratified sampling was used to 

encounter the imbalance of positive and negative instances in the dataset. The analysis 

was performed using the Python scikit-learn machine learning library. 

2.4. Performance Evaluation and Statistical Analysis 

To assess model performance, we used F1-score, the harmonic mean of precision (i.e. 

positive predictive value) and recall (i.e. sensitivity). F1-score is a better evaluation 

measure than accuracy for class-imbalanced data and when the false negatives and false 

positives are important to consider. To assess the robustness of the benchmark methods 

and the proposed ensemble method, we compared their performance against ground 

truth (manually annotated peaks) using bootstrap sub-sampling of 20-minute segments. 

The process was repeated 30 times. Confidence intervals (CIs) were computed with 

two-sample paired t-tests. All analyses were performed using Python version 3.7. 

3. Results 

The optimal value of the regularisation term was obtained with the cross-validated 

grid- search and was C=0.001 for both considered detests. It resulted in the ensemble 

comprising of 3 methods for PICS and 8 for the Westmead NICU dataset. Table 1 

shows the average F1-Score of 30 bootstrap subsamples and their corresponding 95% 

confidence interval for all 15 methods and the LR model using an ensemble of top-

scoring methods.  

       The results show that the proposed ensemble approach is superior overall, 

achieving a mean F1-score of 0.966 (95% CI 0.962-0.97) for PICS database, and 0.893 

(95% CI 0.892-0.894) for the Westmead NICU database. Considering individual 

methods, Rodrigues [13] method using the Neurokit implementation resulted in the 

highest F1-score of 0.965 (95% CI 0.961-0.969) for PICS dataset, while the default 

method in Neurokit (based on the steepness of the absolute gradient of the signal) 

achieved the highest F1- score of 0.869 (95% CI 0.868-0.87) for the Westmead NICU 

database. Obtained results indicate that the state-of-the-art methods are data-sensitive 

and hence not robust. Though the available evidence shows a lack of robustness, 

further analysis on a number of different datasets is needed to reach a firm conclusion. 

Table 1. Evaluation measures of QRS complex detection methods using two databases. 

 PICS Database Westmead NICU Database 

Algorithm Implementation Mean F1 CI Mean F1 CI 

Christov Biosspy 0.606 [0.592,0.621] 0.77 [0.768,0.771] 

Engzee Biosppy 0.629 [0.625,0.634] 0.83 [0.83,0.831] 

Gamboa Biosppy 0.584 [0.575,0.592] 0.867 [0.866,0.868] 
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Neurokit (Default) Neurokit 0.767 [0.761,0.772] 0.869 [0.868,0.87] 

Pan-Tompkins Neurokit 0.29 [0.279,0.301] 0.331 [0.331,0.332] 

Martinez Neurokit 0.25 [0.247,0.253] 0.836 [0.835,0.837] 

Christov Neurokit 0.643 [0.637,0.648] 0.579 [0.574,0.584] 

Gamboa Neurokit 0.584 [0.575,0.592] 0.867 [0.866,0.868] 

Elgendi Neurokit 0.561 [0.558,0.563] 0.829 [0.827,0.830] 

Kalidas Neurokit 0.001 [0.001,0.002] 0.006 [0.0061,0.0063] 

Rodrigues Neurokit 0.965 [0.961,0.969] 0.674 [0.672,0.676] 

Zong Neurokit 0.69 [0.683,0.697] 0.561 [0.557,0.565] 

Nabian Neurokit 0.481 [0.477,0.486] 0.5 [0.5,0.501] 

Hamilton Neurokit 0.327 [0.323,0.332] 0.583 [0.582,0.584] 

Promac Neurokit 0.73 [0.725,0.735] 0.744 [0.743,0.745] 

Ensemble LR  0.966 [0.962,0.97] 0.893 [0.892,0.894] 

4. Discussion  

The results provide us with some interesting insights into the different algorithms for 

detecting QRS complexes. It can be noticed that individual algorithms perform 

differently depending on the dataset. For example, the algorithm with the best 

performance on the PICS dataset (Rodrigues) was outperformed by 8 of the 14 other 

algorithms on the Westmead dataset. Some algorithms performed consistently well or 

consistently poorly across both datasets. Thus, it is difficult to come to a resolution on 

which is the best technique to choose for different datasets. The proposed weighted 

ensemble approach proved to offer superior performance across both datasets proving 

the efficacy of ensemble approaches in tackling datasets where individual methods 

demonstrate high variability. However, a firm conclusion cannot be drawn without 

further robust investigation on a number of different datasets. 

        Another point to note is that the widely used Pan-Tompkins [4] algorithm, 

performed very poorly on both datasets. It is possible that in the previous literature, the 

algorithm was modified significantly to adapt to the neonatal data. However, without 

further details on the approach, achieving similar results with other datasets is not 

possible. In addition, the performance using the Kalidas algorithm got poor results for 

both datasets, thus implying that significant modification to the algorithm is necessary 

to make the approach suitable for the given datasets. In absence of ground truth and 

information on necessary adoption approaches, the ensemble technique can be applied 

to identify the best-performing algorithms and combine their results to obtain a more 

robust approach that performs well across different datasets. This approach is therefore 

useful to facilitate accurate HRV analysis from large-scale ECG signal data.  

5. Conclusions  

In this paper, we evaluated 15 state-of-the-art QRS complex detection implementations 

using two preterm neonatal datasets. A weighted ensemble technique using Logistic 

Regression was applied which outperformed the individual methods for both datasets. 
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This study suggests using the ensemble-based approach to ensure consistent 

performance across multiple datasets where individual methods deliver inconsistent 

performance. Suggested future work in this area is to investigate the monotonicity of 

the ensemble approach by exploring a broader set of QRS complex detection methods.  
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