Neural Network-based ECG Delineation
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Abstract

ECG delineation is crucial for assessing drug-induced
proarrhythmic risks, but still heavily depends on expert
cardiologists despite existing automated methods. Our
study proposes a deep learning model, E-DelUnet, to ac-
curately locate key ECG fiducial points: P,y set, ORSonset,
ORSosfsets Tpeaks and Tenq.

E-DelUnet is an adapted U-Net without skip connec-
tions and up-sampling, improving speed, performance, and
reducing overfitting. It processes 1.2s single-lead ECGs
and outputs binary masks marking fiducials. We trained
the model on 2,054 ECGs from Verapamil and Quini-
dine studies using 5-fold cross-validation and tested it on
13,085 ECGs from other drug studies.

Compared to traditional U-Net, wavelet-based methods,
and residual networks, E-DelUnet showed the best perfor-
mance, closely matching cardiologist measurements (from
3.86 = 2.9 ms for the QRSonser t0 6.77 £ 7.41 ms for
the Tpear). This model holds promise for improving ECG
analysis in drug safety assessments and clinical workflows.

1. Introduction

Electrocardiography (ECG) plays a crucial role in car-
diac diagnostics, offering a non-invasive method to as-
sess the heart electrical activity. Accurate delineation of
ECG signals —identifying the exact onset, peak, and off-
set of the various waveforms (P wave, QRS complex, and T
wave)— is vital for diagnosing various cardiac conditions.
Traditionally, this task is performed manually by expert
cardiologists, a process that is not only time-consuming
but also subject to inter-observer variability. While numer-
ous algorithms have been developed to automate this pro-
cess, including wavelet-based [1] methods and deep learn-
ing approaches [2],[3], [4], challenges persist in achieving
high accuracy across diverse datasets.

In this study, we propose E-DelUnet, a novel deep
learning approach using an adapted U-Net architecture
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[5] —originally intended for biomedical image segmen-
tation— for ECG signal analysis. E-DelUnet, with eight
convolutional layers and a fully connected layer, omits skip
connections and up-sampling to meet ECG delineation
challenges. This design allows E-DelUnet to accurately
identify and localize various ECG fiducial points, such as
Ponsets QRSonset, QRSOffsetv Tpeak and Tend’ by gener-
ating a mask from which these points are extracted. Fur-
thermore, our deep learning model requires minimal pa-
rameter tuning and preprocessing, enhancing its ability to
generalize effectively to new datasets.

2. Materials and methods

2.1. Dataset and pre-processing

This study utilized three PhysioNet [6] ECG databases:
ECGRDVQ [7] (Study 1), ECGDMMLD [8] (Study 2),
and ECGCIPA [9] (Study 3), as summarized in Table 1.
Semi-automated ECG fiducial point annotations (cardiolo-
gist measurements) were reviewed manually by the two in-
dependent human readers. For pre-processing, 1.2-second
average heartbeats were generated from each 10-second
single-lead recording, with the QRS centered at 400
ms, resampled to 500 Hz, and normalized (zero mean and
unit standard deviation).

Table 1. Data summary. R, D, V, Q, and P are respec-
tively : Ranolazine, Dofetilide, Verapamil, Quinidine and
Placebo

Dataset Nb of Nb of Nb 12-lead
Drugs Patients ECG recordings
Cross-validation
Study 1 (Q,V) 2 22 2054
Final Test
Study 1 (D,R,P) 2 22 3162
study 2 4 22 4195
study 3 4 60 5728
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2.2. Problem formulation and ECG tem-
plate

We aim to detect the start of the P wave, the start and
end of the QRS complex, and the peak and end of the T
wave, referred to as Py set, QRSonset, QRSof rsets Tpeak
and T4, respectively. We approach this as a segmenta-
tion task, where the model inputs the ECG heartbeat and
outputs a binary mask matching the ECG size. Each tran-
sition from O to 1 or 1 to O in the mask corresponds to a
fiducial point of interest, as shown in Figure 1.B.

2.3. The proposed model

Inspired by the U-Net architecture [5], originally de-
signed for biomedical image segmentation, we developed
E-DelUnet specifically for ECG delineation, as shown in
Figure 1.A. Our model omits skip connections and up-
sampling layers to reduce overfitting and complexity. In-
stead of up-sampling, a fully connected layer restores the
input signal size, as multiple up-samplings might not add
significant value if the network has already learned the rel-
evant information.

E-DelUnet has 2,447,352 parameters and consists of
three parts. Part 1 includes four 1D convolutional layers
(kernel size = 7, padding = 3) with increasing numbers of
filters (64, 128, 256, 512), each followed by ReL.U, Batch
Normalization, dropout (p=0.41), and 2x1 max pooling.
Part 2 features four 1D convolutional layers (kernel size =
7, padding = 3) with decreasing numbers of filters (256,
128, 64, 32), maintaining the signal size at 37 samples,
also followed by ReLLU, Batch Normalization, and dropout
(p=0.41). Part 3 consists of adaptive average pooling, a
fully connected layer, and a sigmoid function for output.

This architecture captures intricate features in Part 1
through increasing filters and down-sampling, refines these
features in Part 2 while maintaining signal size, and com-
presses them in Part 3 to produce a probabilistic output.

2.4. Details of training and evaluation pro-
cess

The three datasets in Table 1 were divided into training,
validation, and test sets. Quinidine (Q) and Verapamil (V)
ECG recordings from Study 1, totaling 2,054 recordings,
were used for training and validation, while the remain-
ing data (Study 1 (D, R, P), Study 2, and Study 3) were
reserved for testing. We employed patient-stratified 5-fold
cross-validation on the training dataset, ensuring data from
the same patient remained in the same fold. Final test re-
sults were obtained by averaging the fiducial point posi-
tions extracted from the masks produced by each of the
five models.

The model was trained using Binary Cross-Entropy
(BCE) as the loss function and assessed using mean abso-

lute error (MAE) of the time errors to measure localization
accuracy. Training was conducted over 60 epochs with a
batch size of 32. The best model for each fold was saved
based on the lowest validation BCE. Weights were initial-
ized using the Xavier initializer, and the Adam optimizer
was applied with a learning rate of 0.0032. The learning
rate and dropout probability were optimized using the Op-
tuna algorithm [10]

3. Results and comparisons

The final results were obtained by averaging posi-
tions from five models generated through 5-fold cross-
validation. We combined the twelve masks from each
lead of a 12-lead ECG into a single mask, following the
same approach used by cardiologists when annotating the
datasets. Fiducial point values were converted from sam-
ples to milliseconds.

Table 2 shows our model performance (MAE + std)
across the different test sets, with MAEs ranging from 3.86
= 2.9 ms for QRS,,s¢; to 6.77 £ 7.41 ms for Tpeqr. E-
DelUnet outperformed other algorithms (ResNet, base U-
Net, and a wavelet-based method) on most fiducial points.

Figure 2.a highlights an example of the model’s predic-
tion. Predicted (red) and reference (blue) mask, and ECG
heartbeat (orange). Figures 2.b to 2.f show Bland-Altman
plots with biases and 95% limits of agreement (LOA) and
scatter plots comparing predictions to ground truth. The
scatter plots indicate strong correlations for Py, et, Tpeak
and Tend, with more spread for QRS,,,s¢¢ and QRS ¢ f et
Overall, Bland-Altman plots confirm that our model’s au-
tomatic measurements align well with manual ones, with
acceptable biases and variability.

4. Discussion and Conclusion

This study introduces E-DelUnet, a deep learning model
designed for automated ECG delineation, crucial for di-
agnosing cardiac conditions and assessing drug-induced
cardiotoxicity. Utilizing an adapted U-Net architecture
and trained on extensive PhysioNet datasets, E-DelUnet
demonstrates superior performance compared to U-Net,
ResNet, and wavelet-based models we tested. It effec-
tively identifies key ECG fiducial points, including Py, se¢,
QRSonseh QRSoffset’ Tpeak', and Tend-

The model has shown good performance across di-
verse datasets: Study 1 (D, R, P) (ECGRDVQ),
2(ECGDMMLD) and 3(CiPA), indicating good general-
ization capabilities. However, challenges persist with ac-
curately identifying QRS,,sc¢ and QRS fe¢ due to lim-
ited reference values. This is made evidently clear by the
BlandAltman depiction, where the proposed model seem
to be only guessing a position in a given range. Bland
Altman depiction seems also to be highlighting inaccura-
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Figure 1. Figure A shows the E-DelUnet architecture, which takes a 600-sample ECG signal as input and generates an
output mask of the same length. This mask indicates the locations of each fiducial point of interest. Figure B displays the
ECG heartbeat (orange) alongside its corresponding mask (blue).

Table 2. Comparisons of E-DelUnet with others methods for automatic ECG delineation (MAE + STD). Bold is the best.

Test data Methods P, set QRS, st QRS fset Tpeak T.0a Parameters
U-Net 4.68+4.02 277+x2.1 544+431 485+£5.71 4.99 +6.68 10,455,489
ECGRDVQ (R,D,P) Wavelet 25.82+1698 244+7.6 1093+739 1538+122 1723+16.12 ...
ResNet 458 +426 235+195 5.62+423 6.28+8.02 7.12+9.1 1,656,066
E-DelUnet 4.2+3.779 289+2.12 545+4.63 431+544 431+£6.64 2,447,352
U-Net 6.53+471 2.86+2.03 981+6.09 691+6.51 5.95+447
ECGDMMLD Wavelet 33.84 + 18.46 26.62 £8.26 18.81 +10.75 22.61 + 15.26 15.08 = 12.15
ResNet 6.6+575 298+£197 10.83+6.05 10.79+09.8 6.37 £6.6
E-DelUnet 5.91+4.48 3.22+207 852+583 0698+7.84 6.05+4.48
U-Net 5.13£497 471+£332 572+451 749+788 683+7.11
CiPA Wavelet  31.7+195 2094+7.23 1249+£8.32 17.66+1523 17.3+138
ResNet 599+7.12 419+£293 653+494 90+10.19 10.18+£9.13
E-DelUnet 4.69 +4.47 486+342 5.44+3.99 7.97+7.7 6.75 £ 6.97
U-Net 547+473 365+284 696+54 6.80 £7.05 6.1 +6.31
Global test set Wavelet 30.96 +18.83 23.6+8.05 14.14+£9.55 18.7+14.84 16.57 £13.95
ResNet 5.84+6.14 336+255 7.69+562 891+£9.73 8.22+8.58
E-DelUnet 4.96 +4.37 386+29 643+5.01 6.77+741 5.93+6.27
cies in the positioning of Tpcqr and Tepg on complex T References
wave morphologies. Efforts to improve these areas with
weighted masks were not successful, suggesting a need for [1] Martinez JP, et al. A wavelet-based ecg delineator: Evalua-

a more varied training dataset.

Overall, E-DelUnet shows promise in reducing the re-
liance on manual annotation by cardiologists and improv-
ing cardiac assessments, with future research aimed at re-
fining the model, expanding the dataset, and validating its
clinical utility.
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Figure 2. (a) Sample visualization and (b—f) Bland-Altmann (left) and scatterplots (right) of manual versus automatic
measurements of Poy,5et, QRS orset, QRS f fsets Tpeak and Teyq. The black line on the Bland-Altmann plots corresponds to
the mean difference and the red lines to the limits of agreement (LOA: mean + 1.96 std). The black line on the scatterplots
corresponds to an ideal fit where manual and automatic delineation are in perfect agreement (y=x). The blue markers
represent data points from Study 1 (D, R, P), 2 and 3.
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