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Abstract—Sudden cardiac death in Brugada syndrome (BrS)
poses a severe stratification dilemma, particularly for asymp-
tomatic individuals with traditional risk markers, such as sponta-
neous type-1 patterns or family history. While current diagnostic
protocols exclusively prioritize the right ventricular outflow tract
(RVOT) via right precordial leads, emerging evidence suggests
that the arrhythmogenic substrate involves a more widespread
cardiomyopathy. To address this limitation, this study presents
a deep learning framework based on instance-space multiple
instance learning. This framework is designed to predict life-
threatening arrhythmic events in Brugada patients using basal
12-lead ECGs. The model was developed and validated on a
retrospective cohort of 89 patients collected in the Piedmont Bru-
gada registry, including 37 subjects with documented malignant
arrhythmic events. On a hold-out test set, the proposed approach
achieved robust prognostic performance with an area under the
ROC curve of 0.74; a safety-oriented threshold optimization
yielded a negative predictive value of 0.86, minimizing false
negatives in screening scenarios. Beyond classification, this study
provides a morphological validation of the learned features:
explainability analysis using Grad-CAM revealed that the neural
network consistently prioritizes lateral leads (aVL, V5, V6) over
the canonical right precordial leads. Quantitative electrophysio-
logical analysis confirmed the biological plausibility of this focus,
linking the detected regions to significant conduction abnor-
malities, including prolonged QRS duration and altered S-wave
morphology. These findings indicate that lateral depolarization
abnormalities represent a critical, yet overlooked, predictor of
arrhythmic risk in BrS.

Index Terms—Brugada syndrome, deep learning, ECG, ex-
plainable AI, risk stratification, sudden cardiac death.

I. INTRODUCTION

In patients with structurally normal hearts, up to 20% of
sudden cardiac death (SCD) cases are attributed to Brugada
syndrome (BrS) [1]. While defined by a type-1 ST-segment
elevation in right precordial leads (V1–V3), the dynamic nature
of its clinical phenotype poses significant challenges to diag-
nosis and risk stratification [2]. Clinical management relies on
a prognostic dichotomy. While ICD therapy is mandatory for

cardiac arrest survivors [3], stratifying asymptomatic patients
remains challenging due to the limited specificity of traditional
markers like family history or spontaneous type-1 patterns [4],
[5]. This uncertainty leads to unnecessary implantations or
fatal false negatives, exacerbated by the dynamic nature of
arrhythmogenic risk [6], [7].

Although diagnosis targets the right ventricular outflow tract
(RVOT), the arrhythmogenic substrate often extends to the
right ventricular free wall and lateral myocardium [8]. This
global instability manifests as depolarization abnormalities
in limb leads (prominent S-wave in I, reciprocal R-wave
in aVR) and inferolateral leads (fragmented QRS or early
repolarization in II, III, aVF, V5–V6) [9].

To overcome current limitations in prognosis, this study
proposes a deep learning (DL) framework for BrS risk strat-
ification that relies on 12-lead ECG recordings. Designed to
bridge the gap between artificial intelligence (AI) performance
and clinical trust, the architecture is validated through physio-
logical anchors. Morphological analysis via gradient-weighted
class activation mapping (Grad-CAM) confirms the network
attention extends to lateral leads (V5, V6, aVL), identifying
latent conduction delay markers (see Section IV-B).

II. BACKGROUND AND RELATED WORKS

In the diagnostic setting of BrS, DL has shown the ability
to reveal subtle ECG patterns that escape human visual assess-
ment [10], and recent architectures have specifically targeted
borderline presentations, thereby enhancing detection perfor-
mance [11]. Regarding risk stratification, the key to predicting
ventricular arrhythmias (VA) lies strictly within the raw ECG
data [12]. Computational models have demonstrated superior
prognostic performance compared to conventional clinical
scores [13], achieving higher sensitivity in identifying high-
risk patients [14]–[16]. Methodological advancements have
further refined this predictive capability through the adoption



of vision transformers [17] and the integration of autonomic
modulation features [18]. However, the opaque nature of deep
neural networks (DNNs) hinders clinical translation. While
explainable AI (XAI) techniques are increasingly adopted,
current applications are often limited to qualitative inspec-
tion without rigorous physiological validation [19]. Table I
summarizes the quantitative prognostic performance of recent
state-of-the-art AI applications in BrS.

TABLE I
QUANTITATIVE COMPARISON OF AI PROGNOSTIC MODELS FOR BRS

Study (Year) Methodology AUC Sens. NPV
Nakamura [15] (2023) 2D CNN 0.80 0.73 0.87
Ishida [16] (2025) ML (SVM) 0.77 0.60 -
Randazzo [17] (2025) Vision Transformer - 0.90 0.95
Proposed (2026) 1D CNN (MIL) 0.74 0.86 0.86

III. METHODS

A. Patient Population and High-Risk Cohort’s ECG Selection

The study population (89 patients, 226 ECGs), enrolled
from several hospitals in the Piedmont region, Italy [20], was
retrospectively partitioned into two distinct cohorts: a high-
risk group (Event) and a low-risk control group (Control).
The Event cohort comprises N = 37 patients who experi-
enced documented major arrhythmic events, specifically SCD
or aborted SCD (aSCD) (59.5%), appropriate ICD shocks
(37.8%), or arrhythmic syncope (2.7%). The Control cohort in-
cludes N = 52 low-risk asymptomatic subjects, predominantly
(55.8%) non-inducible at electrophysiological study (EPS)
[21]. This study was conducted according to the guidelines of
the Declaration of Helsinki, and approved by the Institutional
Review Board of Città della Salute e della Scienza Hospital,
Turin, Italy (Protocol code: 248/2017, date of approval: 22
February 2017). Informed consent was obtained from all
subjects involved in the study.

The high-risk population was derived from a baseline of
Npat = 60 patients with documented BrS and arrhythmogenic

events, comprising a total of Necg = 220 recordings acquired
prior to any epicardial ablation or antiarrhythmic drug initia-
tion (e.g., Hydroquinidine) [22], [23]. A rigorous multi-step
exclusion protocol was applied to ensure data quality and
integrity, as illustrated in Fig. 1. Initial filtering at the signal
level removed recordings unavailable in raw signal format
(Necg = 44). Subsequently, patients with incomplete clinical
history were excluded (Npat = 13), resulting in the removal of
Necg = 26 associated recordings. To standardize the physio-
logical baseline and minimize confounders, pediatric patients
(< 15 years, Npat = 3) were discarded. Additionally, patients
who never exhibited a Brugada pattern (diagnostic/suspicious
type-1) in their ECGs were removed (Npat = 4). Finally, to
maximize the validity of the model, a temporal filter was
applied to the remaining signals: ECGs recorded outside a
window of ±3 years from the documented event, or those
with unknown recording dates, were excluded. This signal-
level filtering resulted in the complete exclusion of 3 additional
patients who had no remaining valid recordings. The final
Event cohort thus consisted of Npat = 37 adult patients
comprising a total of Necg = 109 standard 12-lead ECGs.

B. Relevant Clinical Characteristics of Patient Population

Table II provides a comprehensive overview of the demo-
graphic, genetic, and clinical profiles of the study population.
Statistical analysis was performed to ensure correct baseline
comparison: continuous variables (mean ± SD) were analyzed
using unpaired Student’s t-test, while categorical data were
compared via Chi-square or Fisher’s exact test as appropriate.

Demographic analysis indicates a homogeneous population
structure. Both cohorts are predominantly male (89.2% vs
82.7%) and well-matched in terms of age (44.2 vs 45.5
years), with no significant differences observed. This male
predominance accurately reflects the epidemiology of BrS,
which exhibits a significantly higher incidence and risk of
life-threatening arrhythmias in men. Consequently, while the

Fig. 1. Patient and ECG selection flowchart. The diagram illustrates the stepwise exclusion criteria applied to the baseline population to derive the final
study group. (Npat = Number of Patients; Necg = Number of ECG Recordings).



TABLE II
PATIENT CLINICAL CHARACTERISTICS, OUTCOMES, AND DATASET SIZE

Characteristic / Parameter Event Group Control Group p-value
(High Risk) (Low Risk)

Patients (N ) 37 52 -
Age (years) 44.2 ± 13.5 45.5 ± 13.9 ns
Male Gender, n (%) 33 (89.2%) 43 (82.7%) ns
Clinical History & Genetics
Family History of SCD 9 (24.3%) 6 (11.5%) ns
Spontaneous type-1 - diagnostic 20 (54.1%) 39 (75.0%) < 0.05

Spontaneous type-1 - suspicious 17 (45.9%) 13 (25.0%) < 0.05

SCN5A/SCN1B Mutation 10 (27.0%) 1 (1.9%) < 0.001

Clinical Phenotype (Event Breakdown)
SCD / aSCD 22 (59.5%) – –
Appropriate ICD Shock 14 (37.8%) – –
Arrhythmic Syncope 1 (2.7%) – –
EPS
EPS Performed, n (%) 19 (51.4%) 29 (55.8%) ns

- Inducible (Positive) 13 (68.4%)∗ 0 (0%) < 0.001

- Non-inducible (Negative) 6 (31.6%)∗ 29 (100%)
EPS Not Performed, n (%) 18 (48.6%) 23 (44.2%) ns
Total ECGs (N ) 109 117 226 (Total)
∗Percentage relative to the subset of patients who underwent EPS.

limited number of female patients precludes to evaluate po-
tential gender-specific predictive features, the dataset com-
position ensures that the model is trained on a biologically
and clinically representative sample, balanced between the
two classes of risk. Consistent with the study design, which
aimed to benchmark a strictly low-risk phenotype against
the symptomatic cohort, significant differences characterize
the clinical and genetic profiles. The significant disparity in
SCN5A/SCN1B mutation prevalence (27.0% vs 1.9%) is not
an incidental finding but reflects the selection criteria intended
to isolate a genetically lower-risk Control population.

Furthermore, the distribution of spontaneous ECG patterns
reflects a deliberate design strategy intended to challenge
the AI model. The Control group was intentionally enriched
with definite diagnostic type-1 patterns (75.0%) to decouple
the classical diagnostic phenotype from the prognostic out-
come. Since the type-1 pattern alone lacks specificity for
SCD and exhibits significant temporal intermittency—evident
here in its lower prevalence among Event patients (54.1%)—
this composition prevents the network from overfitting on
standard V1–V3 features. Instead, it encourages the model to
look beyond the visible diagnostic criteria, extracting latent
arrhythmogenic markers that persist even when the canonical
Brugada signature is concealed or ambiguous. Conversely,
nearly half of the high-risk patients (45.9%) presented with
suspicious type-1 morphologies at baseline.

As detailed in the Clinical Phenotype section of Table
II, the Event group represents a severe condition: 97.3%
of patients experienced life-threatening arrhythmias (SCD,
aSCD, or appropriate ICD shocks), with only a single case
of arrhythmic syncope. Regarding functional stratification, the
complete absence of VA inducibility via EPS in tested Control
subjects confirms the strict safety margins applied during
cohort selection, ensuring a reliable ground truth for the low-
risk class. Conversely, within the Event group, inducibility
was significantly higher (68.4%). However, nearly one-third

(31.6%) of these high-risk patients were non-inducible and
a further 48.6% did not undergo the EPS. This meaningful
proportion of false negatives highlights the inherent limitations
of current invasive stratification tools and underscores the
necessity for the proposed DL approach to identify substrates
missed by standard provocation protocols.

C. Neural Network Architecture

The overall architecture of the proposed prognostic system
is illustrated in Fig. 2. In contrast to common DL strategies that
frequently downsample inputs to reduce computational load
[24], this framework is specifically designed to preserve high-
frequency morphological details, such as fQRS and ventricular
late potentials, which are critical markers of slow conduction
in BrS. The pipeline operates on full-resolution signals sam-
pled at 1000 Hz and consists of four sequential stages.

1) Pre-processing and Augmentation: The continuous sig-
nal undergoes an automated segmentation process based on
the methodology established in [25], as depicted in Fig. 2a.
By detecting R-peaks, fixed-length temporal windows of 850
ms are extracted centered on each heartbeat, converting the
continuous recording into a set of discrete local instances
(called ECG Bag). Formally, this frames the task as an
instance-space multiple instance learning (MIL) problem [26],
where the risk label of the ECG Bag is propagated to its
constituent instances (beats) during training. To improve the
model’s generalization capability and robustness against real-
world acquisition noise, a data augmentation step is applied
(see Fig. 2b). Gaussian noise is injected into the raw input
tensor (850×12), generating a noisy representation that forces
the network to learn resilient morphological features rather
than overfitting on clean signal patterns.

2) Feature Extraction and Classification: The core of the
framework is a 1D-convolutional neural network (CNN) that
processes each instance within the bag independently (see Fig.
2c). The architecture is designed with alternating blocks of
convolution and dimensionality reduction. Specifically, each
convolutional layer is followed by batch normalization and
ReLU activation to stabilize learning, while downsampling
blocks utilize max pooling combined with dropout to prevent
overfitting. This encoder employs global average pooling to
condense the temporal features into a compact vector before
the final dense layer. A softmax activation function then
outputs a risk probability for each individual heartbeat.

3) Aggregation and Validation: Since the risk label is
associated with the entire ECG recording rather than the single
beat, a post-hoc aggregation mechanism is required (see Fig.
2d). Consistent with the instance-space MIL approach, the
individual beat risk scores are fused using a mean pooling
strategy (

∑
/N ) to derive the final ECG risk score. This

consensus mechanism ensures that the prediction reflects the
pervasive arrhythmogenic substrate across the entire recording.
Finally, the black-box decision is subjected to a rigorous
validation block (see Fig. 2d). The regions of interest identified
via Grad-CAM by the network are cross-referenced with
physiological biomarkers quantified through automated signal



(a) Pre-processing and Segmentation (b) Input Augmentation

(c) CNN Feature Extractor & Classifier (d) ECG Scoring & XAI

Fig. 2. Proposed DL Pipeline. The framework operates in four stages detailed in the sub-panels: (a) Segmentation of beat-centered windows to form the
ECG bag. (b) Injection of Gaussian noise for robustness. (c) Instance-level feature extraction and probability estimation. (d) Aggregation of risk scores via
Mean Pooling and interpretability check using Grad-CAM.

processing techniques, ensuring the model’s focus aligns with
electrophysiological plausibility.

D. Experimental Setup and Data Partitioning

The model was trained for a maximum of 250 epochs with
a batch size of 32 instances. The optimization was performed
using the Adam optimizer with a learning rate of 1×10−4. The
Categorical Cross-Entropy loss function, enhanced with a label
smoothing factor of 0.1, improved model generalization and
prevent overconfidence. To mitigate overfitting, a dropout rate
of 0.25 and an L2 regularization penalty of 0.005 were applied.
An early stopping callback was implemented to halt the
training process and restore the best weights if the validation
loss did not improve for 20 consecutive epochs.

To ensure a robust evaluation of the model’s generalization
capabilities and to prevent data leakage, a two-stage partition-
ing strategy was implemented (see Table III).

First, an independent test set (9 patients, 17 ECGs) was per-
manently held out. A strict patient-wise criterion was enforced:
all recordings belonging to these subjects were isolated before
any training process. This subset was used exclusively for

TABLE III
EXPERIMENTAL DATA PARTITIONING

Subset Class Patients ECGs % of Total (Patients)
Development Set Control 47 107

89.9%
(5-Fold CV) Event 33 102
Test Set Control 5 10

10.1%
(Hold-out) Event 4 7

the final performance assessment, ensuring that the reported
metrics reflect the model’s behavior on biological substrates
it has never encountered. The remaining data constituted the
development set (80 patients), which was used for model
training and hyperparameter optimization. To avoid overfitting
to a specific data split, a stratified 5-fold cross-validation (CV)
scheme was adopted. In this process, the development set was
randomly divided into 5 folds (patient-wise). In each iteration,
the model was trained on four folds and validated on the
remaining one. This procedure ensures that every non-test
patient serves as a validation sample exactly once, providing
a statistically reliable estimate of the model’s stability during
the development phase.

IV. RESULTS AND DISCUSSION

A. Prognostic Performance and Training Dynamics

1) Training Stability and Phenotypic Anchors: A retro-
spective analysis of the CV dynamics revealed that training
stability was heavily dependent on the inclusion of specific
high-risk subjects, termed phenotypic anchors. In validation
partitions where these key subjects were excluded from the
training set, the model exhibited class collapse, failing to
extract discriminative features from the remaining minority
class. Conversely, in the optimal training partition where
all phenotypic anchors were present, the model successfully
escaped local minima (see Table IV).

2) Threshold Optimization and Test Set Results: To trans-
late the model’s predictions into a clinically viable screening



tool, the decision threshold was optimized on the calibration
set. A weighted Youden index strategy was employed to
prioritize specificity, effectively reducing the false positive rate
while preserving adequate sensitivity for clinical screening.
Table IV presents this final performance: the model achieved
an accuracy of 0.71 and an area under the ROC curve (AUC)
of 0.74. The weighted optimization strategy resulted in a
sensitivity of 0.86 and a specificity of 0.60. This profile
represents a favorable clinical trade-off: it maintains a high
capability to detect life-threatening substrates, with a negative
predictive value (NPV) of 0.86 while offering a significantly
higher specificity compared to standard high-sensitivity con-
figurations, thus reducing the rate of unnecessary follow-ups.

TABLE IV
PERFORMANCE COMPARISON: VALIDATION VS. INDEPENDENT TEST SET

Scenario Sens Spec NPV PPV Acc AUC
Validation (Best Fold) 0.75 0.68 0.88 0.46 0.70 0.71
Test Set (Final) 0.86 0.60 0.86 0.60 0.71 0.74

B. Morphological Validation via XAI

To ensure that the favorable prognostic performance is
driven by physiologically relevant features, a two-tiered ex-
plainability analysis was conducted (as detailed in Fig. 2d): a
qualitative visual assessment via Grad-CAM and a quantitative
validation using standard electrophysiological metrics.

1) Visual Localization of Arrhythmogenic Substrates: Fig. 3
presents the saliency map for a representative high-risk subject.
The heatmap indicates that the model targets the QRS-ST
complex, with high-intensity activation extending beyond the
diagnostic right precordial leads (V1, V2) to include lateral
(I, aVL, V5) and inferior (II, III) leads. This distributed
attention pattern suggests that the risk prediction is driven
by widespread conduction delays rather than morphological
features localized solely in the RVOT.

2) Quantitative Physiological Validation: To corroborate
the biological plausibility of the learned features, a quantitative
analysis was performed on physiological metrics extracted
strictly from correctly classified instances: true positives (TPs)
vs. true negatives (TNs). The data presented in Table V reflect
this comparison. This beat-wise analysis revealed statistically

significant discrepancies between the discriminative features
of high-risk patients and the healthy baseline. Specifically,
when the model focused on lateral leads (V5, aVL) in the
Event group, the QRS duration was significantly prolonged
(p = 0.004) compared to controls. Moreover, high-attention
spots highlighted morphological markers of this delayed ac-
tivation: leads V6 and aVL exhibited significantly deeper S-
waves (p < 0.001) in the high-risk cohort.

TABLE V
PHYSIOLOGICAL FEATURE COMPARISON: BASELINE (TNS) VS.

HIGH-RISK REGIONS (TPS)

Lead Feature Control Event p-value
V5 QRS Duration (ms) 97.6 ± 39.4 109.3 ± 30.0 0.004

aVL QRS Duration (ms) 95.8 ± 33.2 108.2 ± 27.6 0.004

V6 S-Wave Ampl. (mV) -0.08 ± 0.08 -0.20 ± 0.05 < 0.001

aVL S-Wave Ampl. (mV) -0.17 ± 0.08 -0.36 ± 0.14 < 0.001

V. CONCLUSIONS AND CHALLENGES

This study validates an interpretable DL framework for risk
stratification in BrS using an instance space MIL architecture.
The model demonstrates robust generalization capabilities,
maintaining consistent performance metrics on the indepen-
dent test set compared to the validation phase (AUC 0.74 vs
0.71), with a notable improvement in sensitivity (see Table IV).
These findings challenge the traditional diagnostic paradigm
by identifying critical arrhythmogenic substrates in the lateral
leads (I, aVL, V5, V6) rather than solely in the right precordial
leads (see Fig. 3 and Table V).

The reliance on a brief recording represents a significant
constraint compared to continuous 24-hour Holter monitoring,
which would allow for the detection of transient anomalies.
Since the phenotypic expression of BrS is notoriously in-
termittent, spatiotemporal fluctuations driven by autonomic
modulation or drug intake can temporarily mask ECG features.
Therefore, while the aggregate data confirm a warning signal
in the pre-event window, this tool acts as a probabilistic
assessor of current instability rather than a deterministic oracle
of future outcomes.

Finally, it must be acknowledged that the overall quantity
of available data is limited relative to standard requirements
for training DNNs. However, considering that BrS is a rare

Fig. 3. Explainability Analysis via Grad-CAM. Saliency map of a representative High-Risk patient (TP). The heatmap overlay identifies the QRS-ST
complex as the primary region of interest. The model’s attention is not confined to the diagnostic right precordial leads but extends strictly to I, II, III, aVL,
V5, suggesting that the risk prediction is driven by markers of global conduction delay rather than localized RVOT morphological patterns alone. The x-axis
represents time in milliseconds (ms), the y-axis indicates the electrical amplitude in millivolts (mV), and the heatmap color intensity reflects the normalized
Grad-CAM relevance score.



condition, this single-center cohort represents a highly charac-
terized and valuable clinical sample. To ensure robust training
and mitigate the risk of overfitting on this restricted dataset,
several strict methodological safeguards were implemented.
First, the adoption of the MIL paradigm inherently acted
as a data multiplier: rather than learning from 226 static
recordings, the model was trained on thousands of individual
segmented beats. Second, a lightweight 1D CNN architecture
coupled with extensive regularization techniques, including L2
weight decay, dropout, label smoothing, and on-the-fly data
augmentation was employed. Finally, a rigorous patient-wise
stratified splitting strategy was enforced to guarantee zero data
leakage across the training, validation, and independent test
sets. Beyond the general sample size, the specific scarcity of
raw digital ECGs for patients with arrhythmic syncope (see
Table II) restricted the study to the most severe phenotypes
(SCD, aSCD, and ICD shock). Consequently, future efforts
will prioritize the collection of larger multicenter datasets to
enhance model generalization and will integrate the syncope
subgroup as digital data become available.
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