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Abstract

Background: Obtaining tachycardia electrocardiograms (ECGs) in patients with paroxysmal supraventricular tachycardia
(PSVT) is often challenging. Sinus rhythm ECGs are of limited predictive value for PSVT types in patients without preexcita-
tion. This study aimed to explore the classification of atrioventricular nodal reentry tachycardia (AVNRT) and concealed atrio-
ventricular reentry tachycardia (AVRT) using sinus rhythm ECGs through deep learning.

Methods: This retrospective study included patients diagnosed with either AVNRT or concealed AVRT, validated through elec-
trophysiological studies. A modified ResNet-34 deep learning model, pre-trained on a public ECG database, was employed to
classify sinus rhythm ECGs with underlying AVNRT or concealed AVRT. Various configurations were compared using ten-fold
cross-validation on the training set, and the best-performing configuration was tested on the hold-out test set.

Results: The study analyzed 833 patients with AVNRT and 346 with concealed AVRT. Among ECG features, the corrected
QT intervals exhibited the highest area under the receiver operating characteristic curve (AUROC) of 0.602. The performance
of the deep learning model significantly improved after pre-training, showing an AUROC of 0.726 compared to 0.668 without
pre-training (p < 0.001). No significant difference was found in AUROC between 12-lead and precordial 6-lead ECGs (p= 0.265).
On the test set, deep learning achieved modest performance in differentiating the two types of arrhythmias, with an AUROC
of 0.708, an AUPRC of 0.875, an F1-score of 0.750, a sensitivity of 0.670, and a specificity of 0.649.

Conclusion: The deep-learning classification of AVNRT and concealed AVRT using sinus rhythm ECGs is feasible, indicating
potential for aiding in the non-invasive diagnosis of these arrhythmias.
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Introduction
Tachyarrhythmia is a common type of cardiac arrhythmia
and can be categorized as either supraventricular or ven-
tricular tachyarrhythmia according to its origins. The elec-
trocardiogram (ECG) is the most essential tool for
diagnosing specific types of tachyarrhythmia. Except for
unusual cases, most typical tachyarrhythmias can be con-
firmed by ECG if it is available during a tachycardia
episode. Paroxysmal supraventricular tachycardia (PSVT)
is a frequently observed cardiac arrhythmia in patients
with structurally normal hearts. Since most patients with
PSVT have intermittent tachycardia episodes, it is often dif-
ficult to diagnose the disease using a standard 12-lead ECG.
While an ECG can confirm the presence of tachycardia, a
detailed diagnosis of a specific PSVT type remains difficult
due to the similar ECG characteristics shared among most
PSVT types (i.e. regular, narrow, complex tachycardia).
This nature of PSVT often necessitates multiple clinic
visits and repetitive ECGs for the diagnosis. Therefore, an
unmet need exists to detect underlying PSVT through
sinus rhythm ECGs, which would significantly improve
patient management.

Patients with manifest atrioventricular reentry tachycardia
(AVRT) (i.e. those with a manifest accessory pathway) exhibit
preexcitation during sinus rhythm, which is a diagnostic
feature for predicting AVRT. However, not all PSVT types
exhibit preexcitation. Among the various types of PSVT, atrio-
ventricular nodal reentry tachycardia (AVNRT) and concealed
AVRTare themost common.1Theyhavea reentrantmechanism
involving different circuits.AVNRTutilizes two atrioventricular
nodal pathways,whereasAVRTemploys both the atrioventricu-
lar nodal pathway and accessory pathway(s). If an accessory
pathway only permits retrograde conduction, or if its antegrade
conduction is significantly delayed compared to atrioventricular
nodal conduction, no preexcitation is observed during sinus
rhythm (i.e. “concealed”). Consequently, the sinus rhythm
ECGs of both AVNRT and concealed AVRT typically present
normal findings. Despite the differences in their mechanisms
and therapeutic strategies, it remains challenging to distinguish
between these two types of cardiac arrhythmias using sinus
rhythm ECGs. As a result, patients with PSVT often require an
electrophysiological study,which is an invasive test, for the con-
firmatory diagnosis.

Recent advancements in deep learning applied to 12-lead
ECGs have demonstrated success across various domains
of cardiovascular medicine, showing potential for detecting
a range of arrhythmias.2–4 For instance, it has been shown
that deep learning algorithms can classify ECGs with
sinus rhythm, atrial fibrillation, atrial flutter, atrial tachycar-
dia, pacing rhythm, and other conditions.5–7 In particular, a
recent study highlighted the ability of deep-learning ana-
lysis of sinus rhythm ECGs to differentiate patients with
PSVT from those without.8 Since deep learning algorithms
automatically learn features from the provided dataset, we

hypothesize that it could differentiate between the ECGs
of sinus rhythms in AVNRT and concealed AVRT by cap-
turing yet unknown subtle ECG features. This study aims to
explore the feasibility of a deep learning model to distin-
guish between patients with AVNRT and concealed
AVRT using sinus rhythm ECGs alone.

Methods

Study design and population

Patients diagnosed with either AVNRT or concealed AVRT
from Seoul National University Hospital between 2001 and
2023 were retrospectively investigated. A standard 12-lead
ECG (10-second-long with a sampling rate of 500 Hz) of
sinus rhythm from each patient was obtained prior to the
electrophysiological study within 1 month. The diagnosis
of AVNRT or concealed AVRT was confirmed through
electrophysiological studies. If multiple ECGs were avail-
able for a single patient, the one closest to the date of the
electrophysiological study was selected. Patients diagnosed
with both AVNRT and concealed AVRT, or those with
other types of cardiac arrhythmias were excluded from
the analysis. This is because the deep learning model was
trained to classify these two specific categories of ECGs
and the rare cases of ECG with both underlying PSVT
types could confuse the model and negatively impact its
diagnostic performance. The dataset compiled for our
study is referred to as the SNUH-PSVT dataset in the fol-
lowing sections.

In our study, a total of 1179 patients (833 in the AVNRT
group and 346 in the concealed AVRT group) were ana-
lyzed. The SNUH-PSVT dataset was divided into two
sets based on patients’ examination dates: samples collected
from September 2001 to June 2021 served as the training
set, while those from July 2021 to August 2023 comprised
the hold-out test set. Each patient was assigned to either the
training set or the test set, ensuring that no patient was
included in both. The data from each patient only includes
information available during the ECG measurement
process, so our study design guarantees that test set per-
formance reflects the model’s accuracy on unseen patients
after the training phase. As a result, the training set contains
1001 samples (696 in AVNRT; 305 in concealed AVRT),
and the test set comprises 178 samples (137 in AVNRT;
41 in concealed AVRT).

Methodology overview

In this study, we employed the transfer learning technique
to enhance model performance given limited samples.
Transfer learning is a technique that improves a model’s
performance by learning knowledge from one task and
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then applying it to a similar task in the same domain.9 This
approach is particularly beneficial for ECG tasks when it is
challenging to acquire a sufficiently large dataset with spe-
cific labels or when it is highly expensive to construct
labels.10 Given that the training set comprised only 1001
samples of AVNRT and concealed AVRT, the dataset’s
size could potentially hinder the model’s ability to learn dis-
tinguishing features between AVNRT effectively and con-
cealed AVRT. In this context, transfer learning enables the
model to learn more effectively and achieve better perform-
ance with fewer labeled samples.

Our research methodology consists of two phases: pre-
training on large public datasets followed by fine-tuning
on our SNUH-PSVT training dataset. A model was first pre-
trained with large-scale public ECG datasets to learn the
general structure of the ECG. Then, the model was fine-
tuned to distinguish between sinus rhythm ECGs from
patients with AVNRT and those with concealed AVRT.
We employed 10-fold cross-validation to evaluate various
configurations within the training set and assessed the per-
formance of the final chosen configuration in the test set.
The overall research design is depicted in Figure 1.

Pre-training and transfer learning

In this study, we used the PhysioNet/Computing in
Cardiology Challenge 2021 datasets11,12 as a large-scale
dataset for pre-training. The goal of the challenge is to
solve a multilabel classification problem of cardiac abnor-
malities using 12-lead, 6-lead, 4-lead, 3-lead, and 2-lead
ECGs. The challenge made 88,253 annotated ECG record-
ings public, each identified with more than one diagnosis.
The challenge selected 30 out of 133 diagnoses as target
labels to assess the performance of each participating algo-
rithm and considered four pairs of diagnoses identical,
thereby reducing the total number of distinct labels to 26.
Following the challenge’s objective, we utilized these 26
diagnoses for pre-training. The full list of 26 diagnoses is
presented in Table S1.

From the eight datasets provided by the challenge, we
excluded the INCART13 and PTB14 datasets due to their low
label variability and the longer duration of their recordings,
which distinguished them from the others in terms of character-
istics. Consequently, we utilized six subsets of the challenge
datasets: Chapman-Shaoxing,15 CPSC,16 CPSC-Extra,
G12EC,Ningbo,17 andPTB-XL.18 Samples from these datasets
with target labels were randomly assigned to either a training or
test set using an 80:20 split. This resulted in a total of 65,656
samples for training and 16,360 samples for testing. The occur-
rence of each label within these sets is detailed in Table S1.

For pre-training, we utilized complete 12-lead ECG record-
ings in the training set. Each recording was resampled at 500
Hz and randomly cropped to a 10-second window to align
with the characteristics of our SNUH-PSVT dataset. For add-
itional details, we primarily followed the experimental settings

of the previous research19; we applied a Butterworth bandpass
filter with a frequency range of 1–45 Hz and standardized each
lead of the ECG recordings. The performance of the pre-
trained model in the test set and the settings for hyperpara-
meters used in pre-training are detailed in Tables S1 and S2,
respectively.

Data preprocessing, training, and evaluation process

The SNUH-PSVT dataset comprises a standard 12-lead ECGs
of 10 seconds, with a sampling rate of 500 Hz. Each ECG lead
was preprocessed to have a mean of 0 and a standard deviation
of 1. We carefully selected high-quality 12-lead ECGs free of
noise, such as motion artifacts, baseline wandering, and issues
caused by poor contact between electrodes and skin. Given the
absence of noise in the data and the possibility that subtle
signals could be crucial for distinguishing between AVNRT
and concealed AVRT, we did not apply filters during the pre-
processing step. Most of the ECGs were obtained using the
equipment from GE Healthcare (MAC VU360, MAC 2000,
MAC 3500, and MAC 5500). All experiments were per-
formed using Python 3.8 and PyTorch 1.8.1.20 A deep learn-
ing model was trained to solve a binary classification between
sinus rhythm ECGs of AVNRT and concealed AVRT. The
architecture used in our experiments is a modified version of
ResNet-34,21 which comprises 34 layers and incorporates
residual connections (Figure S1). The hyperparameter settings
used for training the model are listed in Table S2.

The model’s performance was evaluated using ten-fold
cross-validation with the training set. Each fold was split
by patients. Stratified random sampling was employed to
preserve each fold’s class ratio between AVNRT and con-
cealed AVRT. For each iteration of cross-validation, nine
folds were designated for training, while the remaining
fold was used for validation.

To assess the impact of transfer learning, we compared
the model without pre-training (i.e. one trained from
scratch with random initialization), and the pre-trained
model. Additionally, we investigated which set of leads
has distinctive features for PSVT classification by compar-
ing models trained on various ECG lead sets: the 12-lead
ECG, and an 8-lead configuration (leads I, II, and the six
precordial leads), the six precordial leads (leads V1–V6),
the six limb leads (leads I, II, III, aVR, aVL, aVF), and a
single-lead (lead II). After identifying the optimal configur-
ation through experiments on the training set, we assessed
its performance on the test set.

Visualizing feature attributions of ECG segments

Feature attribution is a method that evaluates the importance of
each input feature in contributing to a model’s specific predic-
tion. By examining feature attributions, we can identify which
regions of ECGs are crucial for a model’s decision-making
process.22 Among various feature attribution methods, we
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chose the Integrated Gradients method, which calculates the
path integral of gradients along a straight-line path from a base-
line input to a particular input.23 Previous studies have high-
lighted the effectiveness of this method, as evidenced by its
strong performance across various evaluation metrics and its
ability to produce a high-resolution attributionmap.24 This cap-
ability allows for a thorough exploration of how each input
segment impacts the model. We used a heatmap to illustrate
which segments of an ECG beat are important for a deep learn-
ing model in addressing our PSVT classification problem. The
detailed experimental settings for visualizing feature attribu-
tions are described in Supplementary Methods.

Exploratory analysis

To investigate the impact of additional feature learning, the
model’s performancewhen trainedwith rawECGdata and add-
itional features was compared to its performance when trained
with raw ECG data alone. Also, the performances of various
other deep learning architectures were compared with ours
(ResNet-34) to investigate whether there are model-specific
results. The details of exploratory analyses are presented in
Supplementary Methods.

Model calibration analysis

The calibration of the final model (12-lead ResNet-34 with
pre-training) was assessed to determine how accurately an
estimated class probability by deep learning reflects the
actual class proportion. The methodologic details are pre-
sented in Supplementary Methods.

Statistical analysis

The following seven metrics were calculated to evaluate the
performance of deep-learning models: area under the
receiver operating characteristic curve (AUROC), area
under the precision-recall curve (AUPRC), F1-score, sensi-
tivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV). The metrics were reported
as the average values from the ten trials with 95% confi-
dence intervals (CIs). The differences in AUROCs were
compared using the DeLong test,25,26 while other metrics
were compared through a paired t-test. The F1-score, sensi-
tivity, specificity, PPV, and NPV were calculated based on
binary predictions, using thresholds that maximize
Youden’s J statistic in the validation sets. Sensitivity was
defined as the proportion of correctly classified AVNRT
samples among all the AVNRT samples. Specificity was
defined as the proportion of correctly classified concealed
AVRT samples among all concealed AVRT samples.
PPV and NPV were defined as the proportions of true
AVNRT (or concealed AVRT) samples among samples
that the model predicted as AVNRT (or concealed
AVRT). Two-sided p-values less than 0.05 rejected the
null hypothesis and were considered statistically significant.

Results
A total of 1179 patients with either AVNRT or concealed
AVRT were analyzed (833 and 346 patients, respectively).
The baseline characteristics of the two groups are presented

Figure 1. Overview of the research design for classifying AVNRT and concealed AVRT using sinus rhythm ECGs. The deep neural network is
pre-trained on the PhysioNet/CinC 2021 datasets and further trained to differentiate between sinus rhythm ECGs with underlying AVNRT
and concealed AVRT. After the model selection process using ten-fold cross-validation on the training set, the performance of the final
model on the test set is reported.
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in Table 1. The AVNRT group was significantly older
(48.7 vs. 44.2 years, p < 0.001) and had a lower propor-
tion of men (35.3% vs. 69.9%, p < 0.001). For ECG fea-
tures, the AVNRT group had a narrower QRS duration
(91.6 vs. 93.5 ms, p= 0.010), a longer corrected QT

interval (427.1 vs. 420.2 ms, p < 0.001), a lower value
of R axis (49.3 vs 53.7 degree, p= 0.043), a higher pro-
portion of right atrial enlargement (0.7% vs 2.3%, p=
0.022), and a higher proportion of right bundle branch
block (5.2% vs. 1.7%, p= 0.007).

Table 1. Baseline characteristics.

AVNRT (N= 833) Concealed AVRT (N= 346) P-Value

Age (years) 48.7± 16.2 44.2± 16.2 <0.001

Men 291 (35.3) 212 (62.7) <0.001

Heart rate (per minute) 71.0± 9.6 69.9± 11.2 0.077

PR interval (ms) 154.3± 24.5 153.5± 22.7 0.625

QRS duration (ms) 91.6± 12.1 93.5± 10.8 0.010

Corrected QT interval (ms) 427.1± 23.3 420.2± 25.4 <0.001

P axis (degree) 50.0± 21.3 49.8± 21.4 0.894

R axis (degree) 49.3± 34.3 53.7± 33.5 0.043

T axis (degree) 42.7± 22.7 43.3± 26.0 0.695

Premature atrial complex 15 (1.8) 5 (1.4) 0.667

Premature ventricular complex 8 (1.0) 8 (2.3) 0.068

Left ventricular hypertrophy 13 (1.6) 8 (2.3) 0.374

Low voltage 7 (0.8) 2 (0.6) 0.637

Early repolarization 16 (1.9) 13 (3.8) 0.064

Right atrial enlargement 6 (0.7) 8 (2.3) 0.022

Left atrial enlargement 12 (1.4) 8 (2.3) 0.291

First-degree atrioventricular block 23 (2.8) 5 (1.4) 0.177

Right bundle branch block 43 (5.2) 6 (1.7) 0.007

Left bundle branch block 0 (0.0) 0 (0.0) >0.999

Left anterior fascicular block 7 (0.8) 1 (0.3) 0.294

Left posterior fascicular block 2 (0.2) 0 (0.0) 0.362

Bifascicular block 3 (0.4) 0 (0.0) 0.264

Any infarct 32 (3.8) 13 (3.8) 0.945

Any ischemia 20 (2.4) 12 (3.5) 0.304

Data are presented as mean± standard deviation or N (%), with percentages calculated after excluding missing values from the denominator. Corrected QT
intervals were calculated using Bazett’s formula.
AVNRT: atrioventricular nodal reentry tachycardia; AVRT: atrioventricular reentry tachycardia.
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C-statistic of selected features

The C statistics were performed using selected features that
were significantly different between the two groups (age,
QRS duration, corrected QT interval, R axis) plus heart
rate in the training set. Among the selected features, the cor-
rected QT interval exhibited the highest AUROC of 0.602
(95% CI 0.574–0.630) (Figure 2). The AUROCs for the
other features were 0.576 (95% CI 0.537–0.615) for age,
0.575 (95% CI 0.534–0.616) for QRS duration, 0.558
(95% CI 0.526–0.590) for heart rate, and 0.540 (95% CI
0.525–0.555) for R axis, respectively.

Effect of pre-training on the classification performance

The model without pre-training achieved an AUROC of
0.668 (95% CI 0.622–0.715) and an AUPRC of 0.802
(95% CI 0.763–0.840), whereas the pre-trained model sig-
nificantly improved to an AUROC of 0.726 (95% CI 0.692–
0.760) and an AUPRC of 0.841 (95% CI 0.810–0.872),
with p-values of 0.024 and 0.035, respectively (Table 2,
Figure 3(a) and (b)). The pre-trained model demonstrated
an F1-score of 0.749 (95% CI 0.702–0.796), a sensitivity
of 0.681 (95% CI 0.609–0.754), a specificity of 0.711
(95% CI 0.651–0.771), a PPV of 0.845 (95% CI 0.823–
0.866), and an NPV of 0.507 (95% CI 0.465–0.549).

Comparison of deep-learning performance across
different ECG leads

ThehighestAUROCandAUPRCvalueswereobservedwith the
12-lead set, achieving 0.726 (95% CI 0.692–0.760) and 0.841

Figure 2. ROC curves and C-statistics (AUROCs) for selected ECG
features. AUROC: area under the receiver operating characteristic
curve; ECG: electrocardiogram.
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(95% CI 0.810–0.872), respectively (Figure 3(c) and (d)). The
eight-lead set and the six precordial lead set showed AUROCs
similar to that of the 12-lead set, with values of 0.721 (95% CI
0.679–0.762) and 0.713 (95% CI 0.676–0.749), and p-values
of 0.676 and 0.265. However, the six limb lead set and lead
II alone demonstrated significantly lower AUROCs compared
to the 12-lead set, with p-values of 0.002 and <0.001. A
summary of the diagnostic performances based on the trained
lead sets is presented inTable 3, indicating a trendof decreasing
diagnostic performance with fewer ECG leads.

Evaluation of the test performance

A summary of the diagnostic performance of the selected
configuration on the test set is presented in Table 4. Our
modified ResNet-34 with pre-training, which processes
12-lead ECG recordings, is evaluated. The model exhibited
an AUROC of 0.708 (95% CI 0.696–0.721), a slight
decrease from the ten-fold cross-validation AUROC of
0.726, while its’ AUPRC of 0.875 (95% CI 0.864–0.885)
showed a slight increase compared to the validation

Figure 3. Performance of deep learning in ten-fold cross-validation for PSVT classification. (Upper row) Comparison of the model with and
without pre-training, including (a) receiver operating curves (AUROCs) and (b) precision-recall curves (AUPRCs). (Lower row) Comparison
of the model using different sets of leads, including (c) receiver operating curves (AUROCs) and (d) precision-recall curves (AUPRCs).
AUPRC: area under the precision-recall curve; AUROC: area under the receiver operating characteristic curve; ECG: electrocardiogram.
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AUPRC of 0.841. This variation in AUPRC is likely due to
the higher baseline present in the test set, which is attribut-
able to differences in the distribution of class samples. The
model’s test performance indicated an F1 score of 0.750
(95% CI 0.704–0.797), a sensitivity of 0.670 (95% CI
0.603–0.738), a specificity of 0.649 (95% CI 0.610–
0.688), a PPV of 0.864 (95% CI 0.855–0.873), and an
NPV of 0.382 (95% CI 0.346–0.418).

Analyzing ECG segment influence on PSVT
classification

Utilizing the Integrated Gradients method, the visualization
of ECG feature attributions is presented in Figure 4. The
average beat of high-probability samples is displayed as a
cyan line for each lead, with the standard deviation repre-
sented as a shaded area. The bright regions in the back-
ground indicate high attribution values. For a given beat,
the deep-learning model concentrated on the T-waves and
PR segments of sinus rhythm ECGs with an underlying
AVNRT. In contrast, it focused on the terminal portions
of the P-waves in ECGs with underlying concealed AVRT.

Discussion
This study explored the capability of a deep-learning model
to differentiate patients with underlying AVNRT from
those with concealed AVRT using sinus rhythm ECGs.
The AVNRT group and the concealed AVRT group exhib-
ited different characteristics in terms of several features:
age, sex, QRS duration, corrected QT interval, R axis, the
presence of right atrial enlargement, and the presence of
right bundle branch block (Table 1). The observed differ-
ences in age and sex align with previous studies, which
suggest that AVNRT is more prevalent in women than

AVRT and patients with AVNRT tend to be older (47 vs.
37 years).27,28 Although the C statistics of the selected fea-
tures were better than random chance, their performances
did not reach a level of clinical significance (Figure 2).
Consequently, we explored the feasibility of using a deep
learning model with raw ECG signals to address the
PSVT classification problem.

To enhance learning efficiency, we utilized pre-training
with large-scale datasets of diverse ECG diagnoses. This
approach significantly improved the performance of our
deep-learning model in this classification task, where the
available sample size is limited (Table 2, Figure 3(a) and
(b)). Through comparisons of training results using differ-
ent sets of leads, we infer that the precordial leads likely
contain the necessary information to distinguish between
sinus rhythm ECGs with underlying AVNRT and con-
cealed AVRT. Additionally, using a greater number of
leads might increase the ability to detect subtle signals
essential for classification in ECG recordings (Table 3,
Figure 3(c) and (d)). By using 12-lead ECGs, our model
achieved an AUROC of 0.708 and an AUPRC of 0.875
in the test dataset. These results indicate that, while not
perfect, the deep-learning model can identify some distinct-
ive features between AVNRT and concealed AVRT from
sinus rhythm ECGs (Table 4). The subtle differences
between these two arrhythmias, which are indistinguishable
to human cardiologists, suggest that the model offers new
possibilities for addressing classification challenges previ-
ously considered intractable by human experts.

We also investigated whether the performance of the
deep learning model was solely attributable to the differ-
ences in traditional ECG features. The sex difference
between the two groups (AVNRT and concealed
AVNRT) may introduce differences in ECG features
based on sex. However, the model’s performance did not
differ between men and women in terms of AUROCs
(0.695 vs 0.680, p= 0.745) (Figure S2), and adding add-
itional feature learning to the deep learning model did not
improve diagnostic performance (Table S3). Therefore,
we hypothesize that deep learning models can identify
subtle differences in an ECG signal beyond traditional
ECG features. Figure 4 indicates that the PR interval, P
wave, and T wave may be “important” to the deep-learning
model to differentiate between the two arrhythmias. Based
on these findings, we hypothesize that there could be differ-
ences in atrioventricular nodal conduction physiology,
atrial depolarization, and ventricular repolarization
between the two arrhythmias.

Table S4 presents the performance of other models. The
deep neural networks, HeartNet and HeartNetIEEE, exhib-
ited lower performance compared to our ResNet34 without
pre-training. The machine learning models achieved better
scores than our ResNet34, but the differences were insig-
nificant. Additionally, due to the smaller capacity of
machine learning models compared to deep neural

Table 4. Performance of the deep learning model on test set.

Metric Value (95% CI)

AUROC 0.708 (0.696–0.721)

AUPRC 0.875 (0.864–0.885)

F1-score 0.750 (0.704–0.797)

Sensitivity 0.670 (0.603–0.738)

Specificity 0.649 (0.610–0.688)

PPV 0.864 (0.855–0.873)

NPV 0.382 (0.346–0.418)

AUPRC: area under the precision-recall curve; AUROC: area under the
receiver operating characteristic curve; CI: confidence interval; NPV: negative
predictive value; PPV: positive predictive value.
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networks, the transfer learning technique cannot be easily
applied to them. Therefore, we concluded that the
ResNet34 model with pre-training is appropriate for classi-
fying the two PSVT types with raw ECG data.

The calibration of the model’s performance is presented
in Figure S3. Our results showed that the deep learning
model was accurately calibrated for AVNRT-likely
samples (i.e. a predicted probability of AVNRT ≥0.5).

Figure 4. Visualization of feature attribution on ECG segments for PSVT classification. AVNRT: atrioventricular nodal reentry tachycardia;
AVRT: atrioventricular reentry tachycardia; ECG: electrocardiogram; PSVT: paroxysmal supraventricular tachycardia.
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However, it underestimated the probability of AVNRT for
the AVNRT-unlikely samples (i.e. probability <0.5). This
underestimation might be partly due to the relatively
small size of the training dataset, or it could be that sinus
rhythm ECGs with underlying concealed AVRT have
fewer learnable patterns.

Despite the successful application of transfer learning, the
size of the dataset remains a limiting factor for our model’s
performance. Figure 5 examines whether increasing the
dataset size could enhance our model’s performance by
varying the size of the training set. A gradual improvement
in the AUROC was observed with an increase in training
set size, suggesting that our model could improve predictive
performance with access to a larger dataset. Future research
should explore whether the findings of this study can be repli-
cated using a more extensive dataset of PSVTs.

Physicians often find diagnosing and confirming the type
of PSVT challenging. Due to PSVT’s paroxysmal nature,
intermittent ECG tests are less effective, leading many patients
with PSVT to repeatedly visit clinics for testing. Therefore,
technology that can predict PSVT types using sinus rhythm
ECGs can improve diagnostic efficiency and ultimately
enhance patient management. Recently, it has been reported
that PSVT can be detected using deep-learning analysis of
sinus rhythm ECGs.8 However, patients with manifest
AVRT exhibit preexcitation during sinus rhythm, a strong
ECG feature for predicting AVRT. Consequently, sinus
rhythm ECGs of manifest AVRT might be more easily distin-
guished from those of AVNRT by deep learning. In contrast,
our study demonstrated that deep-learning classification of
sinus rhythm ECGs with underlying AVNRT and concealed
AVRT is feasible. Predicting PSVT types can guide medical
treatment by enabling the selection of appropriate drugs

based on the specific type of PSVT and assisting interven-
tional electrophysiologists in developing effective ablation
strategies. Additionally, our deep learning model operates
using only a 12-lead ECG of sinus rhythm routinely obtained
in PSVT clinics. This makes our deep learning model highly
practical for daily clinical use. However, at the current stage,
improvement in diagnostic performance is necessary to
enhance the clinical utility of our model further. Therefore, a
future study with a more extensive dataset and efficient algo-
rithms is desired.

Limitation
The limitations of our study are as follows. First, the total
number of samples available for this study was 1179,
which may not suffice to efficiently train a high-capacity
deep-learning model. Moreover, the number of AVNRT
samples exceeded the number of concealed AVRT
samples by more than double, potentially leading to a
class imbalance issue. To address these challenges, we uti-
lized a transfer learning technique to enhance learning effi-
ciency. Second, the study only included patients diagnosed
with either AVNRT or concealed AVRT. Other PSVT
types, such as paroxysmal atrial tachycardia and junctional
tachycardia, were not included in this study’s scope. Third,
there were differences in some baseline characteristics
between the AVNRT and concealed AVRT groups.
Subtle ECG changes potentially related to age or sex
might introduce bias into our results. Nonetheless, we
have provided evidence suggesting that our model’s per-
formance does not solely depend on these baseline charac-
teristics. Fourth, our study did not include external
validation with datasets collected from other institutions.

Figure 5. Performance of the deep learning model with varying training dataset sizes. AUROC: area under the receiver operating
characteristic curve.
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To our knowledge, no publicly available datasets include
sinus rhythm ECGs from patients with underlying
AVNRT and concealed AVRT. Introducing an external val-
idation process would enhance the validity of our research
findings. To minimize the correlation between samples, we
constructed the hold-out test set based on the examination
dates. Also, ECG features were obtained from the auto-
mated readings provided by the equipment’s algorithm in
our study. This approach may introduce potential inaccur-
acies in the measurement of some features. Finally, the
deep-learning algorithm demonstrated modest perform-
ance, which might limit its clinical utility. However, our
study has confirmed the feasibility of classifying underlying
AVNRT and concealed AVRT using sinus rhythm ECGs
and indicated that collecting more data could improve the
model’s performance.

Conclusion
This study investigated the feasibility of a deep learning algo-
rithm to differentiate between sinus rhythm ECGs with under-
lying AVNRT and concealed AVRT. To address the
challenge of the small dataset size, a transfer learning approach
was used, which significantly enhanced the model’s perform-
ance. The deep learning algorithm proved capable of classify-
ing underlying PSVT types using sinus rhythm ECGs. It has
the potential to assist physicians in suspecting specific types
of PSVT when tachycardia ECGs are not observed. Further
research is needed to refine and validate the algorithm, allow-
ing for the diagnosis of other types of cardiac arrhythmias
using sinus rhythm ECGs.
AUPRC: area under the precision-recall curve
AUROC: area under the receiver operating characteristic curve
AVNRT: atrioventricular nodal reentry tachycardia
AVRT: atrioventricular reentry tachycardia
CI: confidence intervals
ECG: electrocardiogram
NPV: negative predictive value
PPV: positive predictive value
PSVT: paroxysmal supraventricular tachycardia
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