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Abstract

Vasovagal syncope (VVS) affects 17% of children, significantly impairing quality of life.
Machine learning (ML) models achieve high predictive accuracy of VVS in adults using
blood pressure (BP) monitoring, but pediatric implementation remains challenging. The
aim of the study was to evaluate whether ML models incorporating anthropometric data
and heart rate variability (HRV) can predict VVS without BP monitoring in children with
prior syncope or suspected VVS. We analyzed 87 participants (7–18 years) with VVS history.
HRV indices (time-domain, frequency-domain, and nonlinear) were extracted from 5 min
supine and standing ECG recordings using NeuroKit2. Multiple algorithms were tested
with 10-fold cross-validation; SHAP analysis identified feature importance. AdaBoost
achieved the performance of 71.0% accuracy, 76.3% sensitivity, and 63.3% specificity—78%
of adult BP-dependent algorithm sensitivity. Weight, multifractal detrended fluctuation
analysis during standing, and normalized low-frequency power were most influential. Al-
terations in symbolic dynamics and multiscale entropy indicated compromised autonomic
complexity. ML models with anthropometric and HRV data show potential as an adjunc-
tive screening tool to identify children at higher risk for syncope recurrence, requiring
clinical confirmation.

Keywords: heart rate variability; predictive models; machine learning; head-up tilt test;
vasovagal syncope

1. Introduction
Vasovagal syncope (VVS) affects approximately 17% of children [1,2]. Whilst gener-

ally benign, recurrent episodes significantly impair quality of life [1]. In adults, machine
learning (ML) approaches have achieved high predictive accuracy (95–98% sensitivity)
for VVS using combined heart rate and blood pressure (BP) data during head-up tilt
testing [3]. However, continuous BP monitoring limits practical implementation, particu-
larly in pediatric populations [4]. Heart rate variability (HRV), which reflects autonomic
modulation, offers predictive potential, though HRV-only algorithms in adults demon-
strated reduced performance (sensitivity of 85–90% and specificity of 62–64%) [3,5]. Impor-
tantly, anthropometric factors such as age, sex, and body mass index (BMI) independently
predict syncope occurrence in children [2]. Therefore, we aimed to evaluate whether ML
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models incorporating anthropometric data, clinical information, and short-term HRV pa-
rameters from supine and standing phases can achieve predictive performance for pediatric
VVS comparable to that reported in adults.

2. Materials and Methods
The study was conducted on 96 participants (35 boys and 61 girls) aged 7–18 years

with a history of VVS. Anthropomorphic characteristics (sex, age, height, weight, and
BMI) and clinical data (lifetime number of syncopal episodes and sport participation) were
collected using a questionnaire and used as features for ML modeling. RR intervals (RRis)
time series were obtained from ECG examinations (Task Force Monitor System; CNSystems
Medizintechnik GmbH, Graz, Austria) performed at supine (5 min) and upright rest
(5 min), 10 min in total, sampled at 1 kHz, stationary-confirmed (Phillips–Perron test).

The study was approved by the University Bioethical Committee (KB/182/2016) and
followed the rules and principles of the Helsinki Declaration; all parents or legal guardians
and patients 16 years old and older gave their informed written consent.

Signals were preprocessed using the coRRection software [6]. Technical and physio-
logical artifacts (ectopic beats and premature atrial and/or ventricular beats) present in the
ECG signal were replaced by interpolated RRis from adjacent RRis. Corrected RR series
were not filtered or detrended using the software tools. Time-domain, frequency-domain,
and nonlinear HRV indices were calculated using the NeuroKit2 library in Python. All the
patients were examined in the same room under controlled conditions.

Fourteen datasets were constructed, combining anthropometric data, clinical informa-
tion, and HRV indices derived from 1 to 5 min windows during supine positioning, with or
without standing-phase data. Each patient record was binary-labeled according to tilt test
outcome (positive/negative).

ML classification was performed using HRV features as input variables and the tilt
test result as the target. Stratified 10-fold cross-validation was applied, and class imbalance
was addressed using the Synthetic Minority Oversampling Technique, applied only to the
training set (upsampling to 100 samples per class) to preserve the original distribution in
the test set. Multiple ML models (logistic regression, decision trees, random forests, support
vector machines, K-nearest neighbors, AdaBoost, XGBoost, and multilayer perceptron)
were tested with hyperparameter optimization. Performance metrics (accuracy, sensitivity,
specificity, precision, and F1 score) were calculated for each cross-validation fold and
then aggregated across folds as mean ± standard deviation (SD). To interpret the ML
model’s predictions, SHAP (SHapley Additive exPlanations) values were calculated for
each feature, quantifying their contribution to individual predictions. SHAP analysis
provides model-agnostic interpretability by computing the marginal contribution of each
feature across all possible feature combinations, with positive SHAP values indicating
increased probability of syncope prediction and negative values indicating decreased
probability. Feature importance was determined by the mean absolute SHAP value across
all observations, and results were visualized using beeswarm plots to display both the
magnitude and direction of feature effects on model output. All analyses were conducted
using Python 3.11.9.

3. Results
Results from 9 participants were excluded due to poor signal quality; consequently,

data from 87 participants (30 boys and 57 girls) were analyzed. Mean ± SD characteristics
were age 14.5 ± 2.5 years, body mass 56.1 ± 13.4 kg, height 1.65 ± 0.12 m, and BMI
20.2 ± 3.2 kg/m2. Twenty participants (23%) reported engaging in sport 2–3 times per
week. More than four lifetime syncopal episodes were reported by 35 patients (40%), and
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51 (59%) had a positive tilt test outcome. The results of the ML analysis are summarized
in Table 1. The highest performance in terms of accuracy, sensitivity, and F1 score was
achieved by the AdaBoost model (for 980 weak learners utilized in the algorithm and for
the learning rate coefficient of 0.07) using the dataset that combined anthropometric data,
clinical information, and HRV parameters derived from 5 min of ECG recordings in both
supine and standing positions.

Table 1. Metrics obtained from the machine learning analysis, presented as mean ± standard
deviation, based on datasets containing HRV parameters calculated from different ECG recording
windows. “–” indicates that the dataset did not include HRV parameters from the standing position.

Supine Time
Window for HRV
Calculation [min]

Standing Time
Window for HRV
Calculation [min]

Accuracy [%] Sensitivity [%] Specificity [%] Precision [%] F1

1 1 66.7 ± 11.7 69.0 ± 15.2 64.2 ± 18.9 74.0 ± 12.8 0.70 ± 0.10

2 2 68.9 ± 12.0 68.7 ± 13.7 69.2 ± 14.2 76.3 ± 11.4 0.72 ± 0.11

3 3 65.6 ± 16.7 72.7 ± 19.0 55.0 ± 30.5 71.4 ± 14.7 0.71 ± 0.15

4 4 68.9 ± 16.7 70.7 ± 25.2 64.2 ± 25.8 70.7 ± 28.0 0.70 ± 0.26

5 1 62.6 ± 18.6 64.7 ± 22.7 60.0 ± 28.5 70.7 ± 20.6 0.66 ± 0.19

5 2 63.3 ± 14.4 70.7 ± 19.2 55.0 ± 29.4 70.5 ± 18.2 0.69 ± 0.13

5 3 65.6 ± 20.9 62.7 ± 22.0 70.8 ± 27.6 74.7 ± 23.8 0.67 ± 0.22

5 4 64.2 ± 17.8 58.7 ± 25.9 70.8 ± 23.3 76.8 ± 22.1 0.64 ± 0.22

5 5 71.0 ± 18.3 76.3 ± 20.8 63.3 ± 18.5 74.2 ± 14.9 0.75 ± 0.17

1 - 64.2 ± 15.8 60.7 ± 21.2 68.3 ± 26.9 76.5 ± 19.7 0.65 ± 0.17

2 - 60.8 ± 13.2 66.7 ± 16.3 52.5 ± 35.1 69.4 ± 17.3 0.66 ± 0.12

3 - 59.7 ± 18.8 66.3 ± 30.1 49.2 ± 18.2 62.8 ± 16.5 0.63 ± 0.23

4 - 65.4 ± 14.8 72.0 ± 14.0 55.0 ± 24.9 70.7 ± 14.4 0.71 ± 0.12

5 - 65.6 ± 19.9 73.0 ± 20.0 55.8 ± 28.6 70.8 ± 17.3 0.71 ± 0.17

The SHAP plot (Figure 1) illustrates the contribution of individual features to the
ML model’s predictions for VVS in children. Features are ranked by their overall impor-
tance with each dot representing a single patient. The horizontal position indicates the
SHAP value (impact on model output), where positive values increase the probability of
syncope prediction and negative values decrease it. The color gradient represents feature
values, with blue indicating lower values and pink/red indicating higher values for each
respective variable. Weight emerged as the most influential feature, showing the widest
distribution of SHAP values. Higher weight values (pink/red dots) were predominantly
associated with positive SHAP values. The second most important feature was multifractal
detrended fluctuation analysis (MFDFA)_alpha2_Peak during standing, a nonlinear HRV
measure reflecting long-range fractal scaling properties of heart rate dynamics during or-
thostatic stress. Among frequency-domain indices, LFn (normalized low-frequency power)
during both standing and supine positions ranked highly, with lower LFn values during
standing (blue dots) showing positive SHAP contributions. Several MFDFA parameters
from standing position appeared prominently, including MFDFA_alpha1_Width_standing,
suggesting that alterations in multifractal properties during orthostatic challenge provide
important discriminative information. Nonlinear measures from symbolic dynamics (Sym-
Dyn) and multiscale entropy (MSEn) families such as SymDynMaxMin_2LV_supine and
CompositeMSEn_supine also demonstrated moderate importance, with their respective
value distributions showing variable directional effects on predictions. Anthropometric
variables, specifically height, ranked lower in importance, indicating that while body size
contributes to the model, HRV-derived features provide more discriminative power for
syncope prediction.
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Figure 1. SHAP plot showing feature importance for vasovagal syncope prediction model. Blue
indicates lower values, pink/red indicates higher values of a feature.

4. Discussion
To our knowledge, this is the first study to develop ML models for pediatric VVS

prediction using only HRV and anthropometric data. Our models achieved 71.0% accuracy,
76.3% sensitivity, and 63.3% specificity, which represents 78% of the sensitivity achieved by
BP-dependent algorithms in adults (97.6%) [3] while eliminating the need for continuous
monitoring, which is particularly challenging in pediatric populations [4]. Performance
approximates adult HRV-only algorithms (85.7% sensitivity and 62.1% specificity) [5],
suggesting comparable autonomic response patterns despite developmental differences.
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The superior performance with 5 min dual-posture recordings demonstrates the im-
portance of capturing autonomic transitions [3,5]. Specificity (63.3%) aligns with adult
HRV-only methodologies [3,5]. Importantly, HRV-based approaches can be implemented in
pediatric practice utilizing wearable devices with sufficient sampling rates for accurate RR
interval detection in different conditions and reliable HRV analysis, such as Pneumonitor,
which has already been validated in pediatric cardiac patients [7,8]. The identification of
weight as a primary predictor of syncope risk aligns with existing evidence demonstrating
that lower BMI is associated with increased syncope recurrence and poorer therapeutic
response to standard interventions in pediatric VVS [1,9,10], potentially reflecting inade-
quate blood volume reserves and reduced lower limb muscle pump function critical for
venous return during orthostatic stress [2]. Orthostatic challenge induces the sympathetic
activation and parasympathetic withdrawal necessary for maintaining blood pressure
and cerebral perfusion [11]. This autonomic shift disrupts the correlated, complex fractal
structure of the heart rate toward uncorrelated or stochastic behavior, reflecting immedi-
ate sympathetic-mediated cardiovascular adjustments [12,13]. The reduced MFDFA α2
peak values during standing suggest decreased long-range fractal correlations in heart
rate dynamics, which has been associated with loss of short-term fractal organization and
reduced autonomic complexity during postural change maneuvers [14,15]. The lower nor-
malized low-frequency power (LFn) during standing in children who developed syncope
reflects inadequate sympathetic enhancement during orthostatic stress, contrasting with
the expected sympathetic activation pattern observed in healthy controls during head-up
tilt testing [16–18]. Alterations in SymDyn patterns and CMSEn during the supine posi-
tion indicate compromised complexity in cardiac autonomic control, as these nonlinear
indices quantify the prevalence of sympathovagal balance and the richness of interactive
processes within the central autonomic network [19,20]. VVS and other pediatric orthostatic
intolerance disorders, including postural orthostatic tachycardia syndrome (POTS), share
overlapping pathophysiological mechanisms involving impaired autonomic cardiovascular
regulation during postural stress [21]. Children and adolescents with POTS demonstrate
attenuated vagal baroreflex function and sympathetic predominance during head-up tilt,
quantifiable through HRV analysis [22]. Notably, baseline HRV parameters have proven
predictive of the therapeutic response to beta-blockers in pediatric POTS, establishing
the clinical utility of autonomic assessment in guiding management [23]. The compara-
ble alterations in HRV metrics observed in our cohort (i.e., disrupted complexity across
multiple domains including fractal scaling properties, frequency-domain indices, and
nonlinear entropy measures) suggest shared pathophysiological mechanisms and support
the potential for HRV-based risk stratification across different phenotypes of pediatric
orthostatic intolerance.

From the analyzed ML methods, AdaBoost performed best for the specific dataset
utilized for the study. The reason for this cannot be explained unequivocally. The answer
might lie in the method itself. It is one of the “boosting” methods and compared to other
approaches in the family, the AdaBoost method adapts the weights for misclassified data,
which makes it well-suited for small, yet still high-dimensional datasets. The fact that this
method was the best will in no way favor it in our future research on this topic.

Our model achieved moderate accuracy (71%); it should be emphasized that this
tool is intended as an adjunctive risk assessment instrument rather than a standalone
diagnostic tool. The sensitivity of 76.3% suggests reasonable capability for identifying
children who may benefit from closer monitoring or preventive interventions. However,
the specificity of 63.3% indicates that clinical judgment and comprehensive evaluation
remain essential. The realistic clinical role of this model would be (i) continuous monitoring
to identify periods of increased syncope risk, (ii) supporting clinical decision-making re-
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garding lifestyle modifications, and (iii) providing objective data to complement subjective
symptom reporting.

The study has several limitations. Recordings were obtained during single sessions,
limiting our ability to assess model generalizability across temporally separated measure-
ments and account for day-to-day variability that would be encountered during continuous
monitoring. The moderate specificity (63.3%) indicates potential for false-positive pre-
dictions, emphasizing the need for integration with comprehensive clinical assessment.
Future research should implement multi-session longitudinal data collection with tem-
porally stratified validation and explore pediatric-specific hybrid models incorporating
BP or BP surrogates to enhance predictive performance while maintaining feasibility for
wearable technologies.

5. Conclusions
ML models utilizing anthropometric and HRV data demonstrated feasibility for adjunc-

tive risk assessment of VVS recurrence in children, with performance (76.3% sensitivity and
63.3% specificity) achieving 78% of the sensitivity reported for blood pressure-dependent
algorithms in adults while eliminating the need for continuous invasive monitoring. While
these performance metrics are insufficient for standalone diagnosis, the model shows po-
tential as a complementary tool to support clinical decision-making in identifying children
at higher risk for syncope recurrence. The comparable performance to adult HRV-only
methodologies suggests that autonomic response patterns can inform risk stratification
despite developmental differences in pediatric populations. Future clinical implementation
would require integration with comprehensive clinical assessment, with the model serving
to enhance rather than replace clinical judgment. Further development may include incor-
poration of additional hemodynamic parameters, validation with wearable-grade signals
in larger cohorts, and assessment of real-time monitoring capabilities.
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