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Abstract

Accessory pathway (AP) localization from the 12-lead
ECG is clinically relevant in pediatric Wolff-Parkinson-
White (WPW) syndrome, but remains challenging due
to subjective interpretation and limited labeled datasets.
We propose an interpretable, simulation-driven framework
based on decision trees trained on automatically extracted
ECG features from 696 simulated electrocardiogram sig-
nals generated across 174 AP locations under four pre-
excitation timings. The model classified left-versus-right
ventricular activation with high performance in simulated
data (balanced accuracy 0.968, macro-F1 0.956), evalu-
ated using cross-validation. On an independent clinical
dataset (n=10, ages 5–14), the model achieved a balanced
accuracy of 0.708 and macro-F1 of 0.697. These results
indicate that ventricular laterality can be captured using a
small set of quantitative ECG descriptors, supporting re-
producible non-invasive pre-procedural assessment in pe-
diatric WPW.

1. Introduction

Surface-ECG localization of accessory pathways (APs)
in Wolff-Parkinson-White (WPW) syndrome remains clin-
ically relevant, as it can guide pre-procedural planning,
catheter access strategy, and identification of challenging
septal locations associated with higher risk of conduction
system injury [1]. These aspects are particularly important
in pediatric populations, where minimizing procedure du-
ration, fluoroscopy exposure, and mapping burden is criti-
cal. However, accurate AP localization from the standard
12-lead ECG remains challenging in children, as most al-
gorithms were developed in adult or mixed populations
and may not capture age-dependent differences in cardiac
anatomy, ventricular size, conduction properties, and pre-
excitation [2, 3].

ECG-based approaches are generally more reliable for

coarse tasks such as laterality than for exact AP local-
ization, with pediatric studies reporting modest accuracy
for exact localization but more robust left-versus-right dis-
crimination [3]. Although approaches such as EASY-
WPW, SMART-WPW, and deep-learning models have im-
proved performance in mixed populations [1, 4, 5], most
rely on feature definitions derived from subjective clinical
interpretation and are trained on limited datasets with un-
certain ground-truth labels. Consequently, decision rules
are often based on small cohorts, and true AP location is
only confirmed invasively during ablation.

Computational simulations provide an alternative by en-
abling the generation of large, fully labeled datasets with
known AP locations. Virtual-heart studies have shown that
ECG morphology depends not only on AP location but
also on anatomical and activation context, explaining the
limitations of rule-based algorithms [6]. This framework
enables systematic exploration of ECG-location relation-
ships under controlled conditions and supports the devel-
opment of data-driven and interpretable models.

In this study, we propose an interpretable, simulation-
driven framework for pediatric AP localization based on
decision trees trained on automatically extracted ECG fea-
tures. Targets are defined using anatomical ground truth
rather than clinical labels, aiming to reduce subjectivity,
improve reproducibility, and provide clinically meaningful
and interpretable decision rules.

2. Methods

2.1. Anatomical Model

A 3D anatomical model was reconstructed from com-
puted tomography (CT) images of a healthy 15-year-old
subject, including both ventricular geometry and torso.
The ventricular anatomy was labeled using universal ven-
tricular coordinates (UVC) [7], enabling a reproducible
and anatomically consistent definition of spatial regions.



In addition, myocardial fiber orientation was assigned ac-
cording to Streeter et al. [8], allowing the incorporation of
anisotropic conduction properties into the model. Myocar-
dial conduction velocities were set to 570 mm/s in the lon-
gitudinal direction, 239 mm/s in the transverse direction,
and 2000 mm/s in the cardiac conduction system [6].

The cardiac conduction system was generated using a
fully connected network obtained via the fractal growth al-
gorithm proposed by Costabal et al. [9]. The network was
divided into five functional regions to enable controlled
physiological activation. One candidate His-bundle inser-
tion point was defined within each region, and an optimiza-
tion procedure was performed to identify the combination
of insertion sites that minimized the error between simu-
lated and clinical ECG signals, allowing the reproduction
of physiological sinus rhythm.

2.2. Simulation framework and APs dataset
generation

Electrical propagation was simulated using the Eikonal
model combined with the cellular model proposed by
Mitchell & Schaeffer [10] in openCARP [11].

After the sinus rhythm calibration, APs were introduced
as ectopic stimuli applied at different locations along the
atrioventricular ring (Fig. 1). A total of 174 distinct AP
insertion sites were defined across both ventricles. For
each location, four pre-excitation timings (50, 70, 90, and
110 ms) were simulated to account for inter-patient vari-
ability in the degree of ventricular pre-excitation. Twelve-
lead ECG signals were subsequently computed using the
lead-field method [12]. This resulted in a dataset of 696
simulated ECGs (174 locations × 4 pre-excitation timings,
120 left and 576 right), each associated with a known acti-
vation origin.

Figure 1. Local activation time map of ventricular activa-
tion during left lateral accessory pathway simulation.

Unlike clinical datasets, where AP location is inferred
indirectly from signal interpretation, ground-truth labels
were defined directly from the simulation. Ventricular
chamber was determined from a UVC-derived coordinate
encoding left-versus-right ventricular location, enabling

objective classification and removing reliance on subjec-
tive clinical labeling.

2.3. ECG Signal Preprocessing and
Feature Extraction

Simulated ECG signals underwent standardized prepro-
cessing prior to feature extraction. The 12-lead QRS sig-
nals (350 ms) were resampled to 400 Hz and globally nor-
malized to preserve relative amplitudes across leads. Base-
line correction was then applied per lead using the median
pre-QRS amplitude, followed by automatic QRS onset de-
tection using a multi-lead energy-based criterion, as illus-
trated in Fig. 2.
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Figure 2. Illustrative ECG showing extracted features.

Features were extracted independently for each lead us-
ing windows defined as percentages of the post-onset sig-
nal. Early activation was characterized by delta-wave po-
larity and short-segment slope within the first 4% of the
post-onset signal. Delta-wave polarity across all leads was
also used to derive summary features for inferior leads (II,
III, aVF), including both the number and specific identi-
ties of affected leads by negative delta polarity. Early QRS
descriptors (first 8% of the post-onset signal) included in-
tegrated area and mean amplitude, while additional fea-
tures over the first 18% of the post-onset signal captured
maximum and minimum amplitudes, peak-to-peak ampli-
tude, and a balance metric, computed as QRS maximum
plus QRS minimum, to capture waveform asymmetry. The
same pre-processing and feature extraction pipeline was
applied to clinical ECGs following signal digitization.

2.4. Decision-tree Classification Models

The classification model was trained to identify the ori-
gin of AP activation. We focus on a model that discrimi-
nates between left and right ventricular activation (cham-
ber classification). Training was performed using grouped
5-fold cross-validation, where all four pre-excitation tim-
ings from the same AP node were assigned to the same
fold, ensuring no data leakage between training and vali-
dation sets with an 80/20 train-validation split in each fold.
Decision trees were trained using the Gini impurity cri-



terion, with balanced class weighting to account for the
skewed class distribution (120 left vs. 576 right), a maxi-
mum depth of 4, and a minimum of 5 samples per leaf to
limit overfitting. Model performance was evaluated using
accuracy, balanced accuracy, precision, recall, and macro
F1-score, aggregated across all folds over the full dataset.

3. Results

3.1. Accessory Pathway Chamber
Localization

The decision-tree model achieved high performance in
discriminating left- and right-ventricular activation (ac-
curacy 0.974, balanced accuracy 0.968, macro F1-score
0.956), with balanced accuracy confirming robustness to
class imbalance (Table 1). Class-wise performance was
slightly higher for right ventricular activation (precision
0.991, recall 0.977) than for left ventricular cases (preci-
sion 0.898, recall 0.958). Only 18 cases were misclassified
overall (5 left-to-right, 13 right-to-left).

The resulting decision tree was compact and inter-
pretable, relying on a reduced subset of features. The
primary splitting variable was based on QRS balance in
lead V1, followed by V2 short-window slope and lead III
QRS balance, yielding simple and consistent decision rules
(Fig. 3). Despite the high-dimensional feature space, clas-
sification was achieved using a small number of features
and a tree of limited depth.
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Figure 3. Decision tree for chamber classification.

3.2. Evaluation on Clinical Dataset

To assess real-world generalization, the model was eval-
uated on an independent clinical cohort of 10 pediatric
WPW ECGs (ages 5–14 years) with ablation-confirmed
accessory pathway location as the reference standard. On
this external dataset, the model achieved an accuracy of
0.700, balanced accuracy of 0.708, and macro F1-score of
0.697, providing initial evidence that the framework can
transfer from simulated data to clinically acquired ECGs.

Performance varied across AP sides: left-sided pathways
showed higher precision (0.800 vs. 0.600), whereas right-
sided pathways showed higher recall (0.750 vs. 0.667).

Table 1. ECG chamber classifier performance.

Metric
ECG chamber

classifier
(simulated signals)

ECG chamber
classifier

(clinical signals)
Accuracy 0.974 0.700
Balanced acc. 0.968 0.708
Macro-F1 0.956 0.697
Precision (left) 0.898 0.800
Precision (right) 0.991 0.600
Recall (left) 0.958 0.667
Recall (right) 0.977 0.750

4. Discussion

The proposed decision-tree framework shows that left-
versus-right ventricular activation can be accurately dis-
criminated using a compact and interpretable set of ECG-
derived features. In the simulated dataset, the model
achieved strong performance (accuracy 0.974, balanced
accuracy 0.968) despite its limited depth, indicating that
ventricular laterality is captured by a small number of
quantitative descriptors extracted from the ECG.

QRS balance, particularly in lead V1, emerged as the
dominant discriminator, with additional contributions from
V2 short-window slope and lead III QRS balance. This
pattern is consistent with prior ECG-based AP localization
studies highlighting lead V1, V2, and the inferior leads as
informative for AP location and laterality [1, 4, 13]. In our
model, V1 captured the strongest left-versus-right differ-
ences, V2 short-window slope reflected early QRS mor-
phology, and lead III provided complementary inferior-
axis information. Computational studies further support
that AP location and pre-excitation timing shape ECG
morphology across precordial and inferior leads [6]. Im-
portantly, these relationships were learned directly from
the simulated data, yielding simple and interpretable de-
cision rules linked to the site of earliest activation.

Classical ECG-based algorithms rely on manual annota-
tions of features such as delta-wave polarity and R/S ratios,
introducing variability, especially in pediatric ECGs [1, 3,
4]. In contrast, the proposed approach replaces visual as-
sessment with automatically extracted quantitative , en-
abling more reproducible and consistent characterization
of ECG patterns.

The QRS balance can be interpreted as a continuous
analog of the classical R/S ratio used in rule-based algo-
rithms. As the R/S relationship reflects the global direc-
tion of ventricular depolarization and thus the activation



origin [13], the QRS balance generalizes this concept by
integrating information over a broader portion of the QRS
complex, providing a more robust descriptor.

When evaluated on clinical ECGs, performance de-
creased (accuracy 0.700, balanced accuracy 0.708). This
reflects variability not captured in simulations, including
noise, electrode placement, anatomical differences, and
pre-excitation variability. Despite this, the model showed
preliminary generalization on clinical ECGs, suggesting
simulation-derived features remain relevant in clinical con-
ditions, although validation on larger cohorts is required.

A major strength of this work is the use of simulations to
generate a dataset with ground truth, enabling interpretable
model development without uncertainty from clinically in-
ferred labels. This combination of simulation-driven learn-
ing and interpretability bridges mechanistic understanding
and data-driven approaches. Clinically, ventricular later-
ality is a first step toward AP localization, although finer
discrimination, particularly of septal pathways, is required
for procedural planning.

Limitations include the use of a single anatomical
model, which may limit generalization, the absence of a
formal analysis of feature importance and stability, and
the small clinical dataset. Future work will address finer
regional localization, improved feature extraction incor-
porating temporal and spatial information, and expanding
simulated and clinical datasets to improve generalization
and robustness.

5. Conclusions

This study presents an interpretable, simulation-driven
framework for pediatric WPW laterality classification us-
ing automatically extracted ECG features. The model per-
formed strongly on simulated data and showed moderate
generalization to clinical ECGs, indicating that ventric-
ular laterality is captured by a small set of physiologi-
cally meaningful descriptors. Overall, these results support
simulation-based approaches as a reproducible and inter-
pretable alternative to subjective clinical ECG assessment.
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