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Abstract—Brugada Syndrome (BrS) is a genetic channelopathy
creating an arrhythmogenic substrate, whereas Right Bundle
Branch Block (RBBB) is a widespread and generally benign
conduction delay. Despite their distinct etiology, they share a
striking phenotypic mimicry on the electrocardiogram (ECG),
specifically the rSR′ pattern in the right precordial leads (V1–
V3), which poses a complex signal classification challenge. This
study evaluates a beat-level convolutional neural network trained
on raw morphology from leads V1 and V6 to classify four
clinically relevant patterns: Diagnostic BrS, Suspicious BrS,
RBBB, and Normal tracings. The 4-class model achieves high
discriminative performance for polarized patterns (AUC 0.99 for
Normal and 0.96 for Diagnostic Brugada computed on a 5-fold
cross-validation), while the Suspicious class remains challenging
in a multiclass setting due to overlap. A focused binary classifier
successfully separates Suspicious BrS from RBBB (AUC 0.97),
revealing a stable decision boundary between ambiguous and
benign morphologies. Gradient-based attribution confirms V1 as
the dominant lead, consistent with clinical expectations, while
comparative analysis against a standard V1–V3 baseline validates
the critical contribution of the lateral lead V6 in distinguishing
benign conduction delays. Robustness experiments under gaus-
sian noise show stable performance within clinically realistic
conditions, supporting the potential use of this lightweight model
for interpretable, scalable screening of Brugada-like patterns,
even in low-quality or digitized ECG recordings.

Index Terms—ECG classification, Brugada diagnosis, right
bundle branch block, convolutional neural network.

I. INTRODUCTION AND RELATED WORKS

Automated classification of cardiac diseases via electro-
cardiographic analysis represents one of the most complex
challenges in biomedical engineering. Specifically, Brugada
Syndrome (BrS), a channelopathy associated with risk of
sudden cardiac death, poses unique metrological difficulties
due to the temporal variability and subtlety of its phenotypic
markers [1], [2]. Recent studies highlights that the traditional

approach (healthy vs sick) is insufficient to manage the clinical
complexity of BrS, necessitating classifiers capable of distin-
guishing between the diagnostic type-1 pattern, Right Bundle
Branch Block (RBBB), and suspicious phenocopies [3].

The morphological overlap between RBBB and BrS, partic-
ularly the rSR′ pattern in right precordial leads, is the primary
source of error in conventional algorithms [4], [5]. Fig. 1
provides representative electrocardiogram (ECG) segments for
each diagnostic class, highlighting the morphological variabil-
ity and potential overlap among them. Correctly identifying
these patterns is critical for risk stratification in patients with-
out previous cardiac arrest, as outlined in combined clinical-
electrophysiological approaches [6]–[8]. Recent contributions
have proposed three-class artificial intelligence (AI) models
to improve sensitivity [9], while vision transformers have
emerged as a breakthrough, treating ECG signals as images
to capture long-range spatial dependencies for both diagnosis
and fatal event prediction [10], [11].

Furthermore, AI can predict drug-induced type-1 patterns
from standard ECGs, effectively identifying high-risk patients
currently categorized as uncertain [12]. Pre-processing stage,

Fig. 1. Representative ECG beats for the four diagnostic classes (Diagnostic
Brugada, Suspicious Brugada, RBBB, Normal) in leads V1 and V6. The visual
overlap underscores the need for advanced differentiation.



involving accurate P-QRS-T segmentation and wavelet selec-
tion, is fundamental to extract consistent morphological fea-
tures and ensure clinical reliability [13]–[16]. Parallel efforts in
synthetic data generation and transfer learning are addressing
the scarcity of labeled datasets for rare conditions [17], [18].

Our previous work introduced a binary classifier, later
extended to three classes [9], but did not explicitly separate
benign RBBB from risky Brugada patterns. This study pro-
poses a four-class framework that disentangles Diagnostic Bru-
gada, Suspicious Brugada, RBBB, and Normal morphologies,
highlighting its value in distinguishing innocuous conduction
delays from patterns suggestive of latent arrhythmic risk. The
two proposed models (2-class and 4-class) specifically utilized
leads V1 and V6 to exploit the diagnostic morphological
dissociation between right precordial and lateral leads: while
lead V1 captures the specific R′-wave features necessary to
identify Brugada-like patterns [19], the simultaneous analysis
of lead V6 allows for the detection of the deep slurred S-
wave, the absence of which is a critical consensus criterion to
distinguish BrS from true RBBB [20].

The remainder of this paper is organized as follows: Sec-
tion II describes the data and network architecture; Section III
presents the classification results and robustness analyses; and
Section IV concludes with a clinical interpretation of findings
and future directions.

II. METHODS

A. Dataset and Study Population

The study dataset consists of 644 twelve-lead ECG record-
ings. A subset of 49 ECGs was originally available only on
paper and was digitized from scans or photographs [21]. A
set of 200 ECGs, only labeled as NORM (i.e., not associated
with conduction blocks), was retrieved from the public PTB-
XL database [22] to populate the Normal class. The other
recordings were collected from several hospitals in the Pied-
mont region, Italy [23], [24], mainly using GE MAC 2000 and
GE MAC 5 devices (GE HealthCare, Chicago, IL, USA). All
ECGs were assigned to one of four diagnostic classes: Nor-
mal (no Brugada pattern and no RBBB), RBBB, Suspicious
Brugada, and Diagnostic Brugada. 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)

A patient-level split ensured that no subject appeared in
more than one partition, using an 80–15–5% ratio for train,
validation, and test sets. First, a scenario is considered with
a hold-out test set containing medically representative ECGs
and all others in the training/validation set. Since the test set
is small to comply with the imposed proportions and therefore
its performance would be considered non-generalizable, a
stratified cross-validation was then performed, aggregating the
results of the five different folds to calculate the global metrics.

Table I reports the ECG-wise distribution of the entire
study cohort, with a representative split. The same stratified
patient-level split was used for both the binary (RBBB vs.

TABLE I
ECG-WISE CLASS DISTRIBUTION IN THE SPLIT SETS.

Split Normal RBBB Suspicious Diagnostic Total
Train 171 198 105 41 515
Val 32 37 19 8 96
Test 11 13 7 2 33
Total 214 248 131 51 644

Suspicious Brugada) and the four-class configurations. No
ECG appears in more than one partition. In the training,
validation, and test sets, RBBB class represents approximately
two-thirds of the samples and the Suspicious Brugada class
approximately one-third, maintaining similar proportions and
ensuring consistency between the different subdivisions of the
dataset. In the four-class setting, the training set consists of
33.2% Normal, 38.4% RBBB, 20.4% Suspicious Brugada,
and 8.0% Diagnostic Brugada samples, and these same class
proportions are maintained in the validation and test sets.

B. Beat Extraction and Preprocessing

All ECG signals were standardized to a uniform sampling
rate of 1000 Hz. Native digital recordings were acquired at
this original sampling frequency, while the digitized subset
was resampled using piecewise cubic Hermite interpolation to
preserve waveform monotonicity. Preprocessing involved two
steps: first, baseline wander was removed by subtracting a low-
frequency trend estimated via a 2nd-order Butterworth filter
(0.5 Hz cutoff). Second, high-frequency noise was mitigated
using a zero-phase low-pass filter with a cutoff frequency of
40 Hz. This cutoff was specifically selected to ensure spectral
consistency across the heterogeneous dataset (aligning with the
bandwidth of the legacy acquisitions), while fully preserving
the macroscopic morphological features (e.g., ST-segment
elevation, QRS widening) essential for Brugada and RBBB
diagnosis. Beat extraction was based on the morphology of
lead V1, whose terminal S-wave provides a reliable land-
mark for both Brugada-like and conduction delay patterns. A
wavelet-based enhancement followed by adaptive peak selec-
tion identified candidate S-points. Each detected beat was then
segmented by extracting a fixed temporal window of 300 ms
before and 550 ms after the S-peak, yielding a standardized
850-sample segment. To avoid redundancy, highly overlapping
or nearly identical beats were automatically identified and
removed using amplitude-based similarity criteria.

C. Neural Network Architecture

Fig. 2 illustrates the overall beat-level classification pipeline.
The model operates directly on the raw morphology of beats
extracted from leads V1 and V6, which provide the strongest
discriminative information for separating Brugada-like pat-
terns from RBBB (as discussed in Section I). No handcrafted
features or inter-beat temporal context are used.

Each beat is processed by the BeatFeatureExtractor, a
compact convolutional module composed of a sequence of 1-D
convolutional layers with a kernel size of 3 and ReLU activa-
tion, each followed by batch normalization. These layers cap-



Fig. 2. Overview of the proposed beat-level classification pipeline from raw
ECG signals to class probabilities.

ture local morphological patterns such as ST-segment eleva-
tion, rSR′-like configurations, and terminal conduction delays.
To reduce dimensionality and prevent overfitting, each block
concludes with a max-pooling layer (size = 2) and a dropout
layer (rate = 0.5). The network employs a decreasing filter
strategy with [128, 64, 32] filters respectively, concentrating
capacity on low-level morphological features. A global max-
pooling layer aggregates the temporal feature maps into a 32-
dimensional latent vector before the final classification head.
The resulting model contains approximately 100 k trainable
parameters (see Table VII), ensuring lightweight deployment.
The resulting feature vector is passed to a fully connected
classification head with softmax activation, producing per-beat
class probabilities. A final ECG-level prediction is obtained by
averaging the softmax probabilities of all beats belonging to
the same recording, as detailed in Section II-E.

D. Training Protocol

The preprocessing stage described in Section II-B produced
a large beat-level dataset in which each beat inherits the class
label of its parent ECG. Training was performed with a batch
size of 64, using the Adam optimizer with a learning rate
of 10−4. The loss function was the sparse categorical cross-
entropy. To mitigate class imbalance, balanced class weights
were computed automatically from the training set and applied
during optimization. Each model was trained for up to 100
epochs, with early stopping based on validation loss (patience
= 10 epochs). No handcrafted data augmentation was applied.
The only regularization mechanisms were dropout in the fea-
ture extractor, L2 weight regularization, and additive Gaussian
noise injected at the input of the BeatFeatureExtractor (defined
in Section II-C). Training and validation pipelines employed
TensorFlow pipelines with shuffling, caching, and prefetching
to ensure reproducibility and high throughput.

Two configurations were trained: a binary classifier (RBBB
vs. Suspicious Brugada) and a four-class model (Normal,
RBBB, Suspicious Brugada, Diagnostic Brugada). Both mod-
els share the same architecture and training protocol, differing
only in the number of output classes.

TABLE II
ECG-LEVEL PERFORMANCE OF THE 4-CLASS MODEL ON THE HOLD-OUT

TEST SET.

Class Precision Recall F1 Support
Normal 0.846 1.000 0.917 11
RBBB 1.000 0.846 0.917 13
Suspicious Brugada 0.583 0.500 0.539 7
Diagnostic Brugada 1.000 1.000 1.000 2

TABLE III
ECG-LEVEL PERFORMANCE OF THE BINARY MODEL ON THE HOLD-OUT

TEST SET.

Class Precision Recall F1 Support
RBBB 0.923 1.000 0.960 13
Suspicious Brugada 1.000 0.857 0.923 6

E. ECG-level Prediction

Each ECG signal was first segmented into individual beats,
as explained in Section II-B. For every beat bi, the beat-level
classifier produced a softmax probability vector p(bi) ∈ RK ,
with K being the number of classes. To obtain a single predic-
tion at ECG level, beat-level probabilities were averaged across
the Ne beats of the recording, i.e., p(e) = 1

Ne

∑Ne

i=1 p(bi). The
final ECG label was then assigned as the class with highest
mean probability: ŷ(e) = argmaxk pk(e).

All ECG-level performance metrics reported in this work
(precision, recall, F1-score, and AUC) were computed using
these aggregated predictions.

F. Evaluation Metrics

Model performance was assessed at both beat level and ECG
level. Beat-level metrics quantify the discriminative ability
of the backbone on individual segments, whereas ECG-level
metrics are clinically meaningful, as final diagnoses rely on
the interpretation of the entire tracing, especially relevant
for intermittently manifesting conditions like Brugada. For
each setting, accuracy, per-class precision, recall and F1-score,
as well as macro- and weighted-F1 were reported. Receiver
operating characteristic (ROC) curves and one-vs-rest AUC
values are provided for the clinically relevant Brugada classes
(see Sections III-A, III-B). To evaluate robustness, all metrics
were computed on test data corrupted with additive Gaussian
noise at multiple standard deviations (σ) (see Section III-D).

III. EXPERIMENTAL RESULTS

A. ECG-Level Classification Performance

Table II reports the ECG-level classification performance
of the four-class model on the hold-out test set. The model
achieves strong discrimination for both the RBBB and Normal
classes, with F1 scores of 0.917 for each. The very high
performance on the limited Diagnostic samples available in
the test set should be interpreted with caution due to the only
two ECGs. As expected, the Suspicious Brugada class remains
the most challenging, reflecting its intrinsic morphological
variability and the overlap with RBBB-like and near-normal
patterns. The model attains an F1 score of 0.539 for this class,



TABLE IV
CROSS-VALIDATION PERFORMANCE: BASELINE (LEADS V1–V3) VS. PROPOSED (LEADS V1 , V6)

Baseline Model (V1, V2, V3) Proposed Model (V1, V6)
Class Avg. Supp. Precision Recall F1-Score Avg. Supp. Precision Recall F1-Score
Normal 113 0.91± 0.03 0.94± 0.06 0.92± 0.03 107 0.92± 0.08 0.95± 0.03 0.94± 0.05
RBBB 140 0.99± 0.02 0.91± 0.01 0.95± 0.01 141 0.96± 0.06 0.95± 0.05 0.96± 0.05
Suspicious BrS 55 0.62± 0.10 0.63± 0.09 0.59± 0.04 63 0.55± 0.22 0.64± 0.23 0.58± 0.22
Diagnostic BrS 14 0.65± 0.04 0.71± 0.14 0.68± 0.07 16 0.85± 0.14 0.76± 0.16 0.80± 0.14
Macro Avg 322 0.79± 0.09 0.80± 0.12 0.79± 0.06 327 0.82± 0.18 0.82± 0.17 0.82± 0.12
Accuracy 0.878± 0.03 (87.8%) 0.900± 0.05 (90.0%)

consistent with the ambiguity inherent to its clinical definition.
This behavior mirrors the structure observed in the t-SNE
feature projection (see Section III-E).

Compared to the four-class configuration, the binary model
displays significantly higher accuracy in separating RBBB
from Suspicious Brugada. Table III reports the ECG-level
performance of the binary model. The classifier achieves F1
scores of 0.960 for RBBB and 0.923 for Suspicious Brugada,
with an AUC value of 0.968. The performance gap between
the two models suggests that in the 4-class task, where
Diagnostic and Suspicious Brugada patterns may overlap, the
current backbone-only architecture lacks the capacity to fully
disentangle these classes. This supports prior findings [9],
where temporal attention via biLSTM proved more effective
in capturing subtle diagnostic cues.

B. Impact of Lead Selection: Cross-Validation Comparison

A stratified 5-fold cross-validation was performed at beat-
level to overcome the limitations of a single train-test split and
evaluate the contribution of the lateral lead V6.

Table IV contrasts the performance of the proposed 2-
lead architecture (V1, V6) against a standard 3-precordial-
lead baseline (V1–V3). For each class, the test set support
(Avg. Supp.) is reported as the average value over the five
folds. The proposed model achieved a higher overall accuracy
(90.0% ± 0.05) compared to the baseline (87.8% ± 0.03). A
substantial performance gain was observed in the Diagnostic
Brugada class: the inclusion of lead V6 increased the F1-
score from 0.68 (Baseline) to 0.80 (Proposed), indicating
a reduction in false negatives for high-risk patterns. The
Suspicious Brugada class proved to be the most challenging
for both configurations (F1-scores ≈ 0.58–0.59), reflecting the
morphological overlap with RBBB and Diagnostic Brugada.

However, the ROC curves in Fig. 3 demonstrate that the
proposed model retains high discriminative power even for
this class, achieving an AUC of 0.93. The discrepancy be-
tween the high AUC and the moderate F1-score suggests that
while the model correctly ranks Suspicious beats, the decision
boundary remains sensitive to the specific threshold applied.
The discrimination of Normal and RBBB beats remained
robust across both models (F1 > 0.94), confirming that the
lightweight V1, V6 setup preserves the recognition of benign
conduction delays.

Fig. 3. ROC curves for the proposed model utilizing leads V1 and V6. The
curves demonstrate the classification performance for each diagnostic class
(Diagnostic Brugada, RBBB, Negative, Suspicious Brugada) computed by
aggregating predictions from the 5-fold cross-validation. The AUC for each
class is reported in the legend.

C. Confidence Analysis

Model reliability was evaluated by analyzing the distribu-
tion of beat-level predicted probabilities. For the Diagnostic
Brugada class, true positives receive high confidence (P ≈ 1),
while non-diagnostic traces cluster near zero. This polar-
ized separation suggests that type-1 patterns have distinctive
morphological features that the network detects with high
certainty, consistent with the high F1-score (see Table IV).
The Suspicious Brugada class shows a more heterogeneous
probability spread, with many true beats assigned intermediate
scores (e.g., 0.4–0.7), although RBBB mimics are largely
suppressed near zero. This pattern reflects real biological am-
biguity: suspicious morphologies form a continuum between
normal and clearly pathological, so the model’s spread-out
confidence is expected.

D. Robustness to Gaussian Noise

Table V shows beat-level performance of the 4-class model
under increasing Gaussian noise. The model remains highly
robust for clinically realistic perturbations (σ ≤ 0.01), main-
taining macro-F1 above 0.84 and preserving diagnostic perfor-
mance on both Suspicious and Diagnostic Brugada patterns.



TABLE V
ROBUSTNESS TO GAUSSIAN NOISE FOR THE 4-CLASS MODEL.

σ F1Norm F1RBBB F1Susp F1Diag Macro-F1
0 0.960 0.957 0.730 0.718 0.841
0.01 0.959 0.930 0.696 0.778 0.841
0.05 0.000 0.564 0.000 0.000 0.141
0.10 0.000 0.565 0.027 0.000 0.148

However, performance degrades sharply for stronger noise
(σ ≥ 0.05), with F1 scores collapsing across all Brugada-
related classes and also for the Normal class. In contrast, the
RBBB class retains partial robustness, consistent with its more
stereotypical and noise-resistant morphology.

E. Feature-Space Analysis

The beat-level t-SNE projection in Fig. 4 provides a qual-
itative view of the learned feature space. Negative (Normal)
and RBBB beats are well separated along the vertical axis,
forming distinct clusters in the lower and upper parts of the
manifold, respectively. Diagnostic Brugada beats form a small
but compact cluster in an intermediate region. In contrast,
Suspicious Brugada beats populate multiple regions of the
space: some points lie close to RBBB, others appear near
Normal clusters, and a further group forms a compact island
on the right-hand side. This wide dispersion confirms that
Suspicious morphology spans a continuum between clearly
normal and clearly pathological patterns, and explains the
lower F1 score (see Table II) and the diverse misclassification
patterns observed for this class.

F. Lead-Level Feature Relevance

Table VI compares the feature relevance assigned to leads
V1 and V6 by the binary and 4-class models. Feature relevance
scores were computed via gradient-based attribution, averaging
the absolute input gradients with respect to the predicted class
logits. Both models rely heavily on V1, which carries most of
the diagnostic information for Brugada and RBBB patterns.
However, the binary model assigns relatively higher relevance
to V6, especially for Suspicious Brugada (14.4%), than the
4-class model (2.0%).

Fig. 4. t-SNE projection of beat-level features extracted by the 4-class model
on the representative test set.

TABLE VI
GRADIENT-BASED FEATURE RELEVANCE (BEAT-LEVEL) FOR V1 AND V6 .

Model Class Relevance V1 Relevance V6

Binary RBBB 0.938 0.062
Suspicious Brugada 0.856 0.144

4-class

Normal 0.960 0.040
RBBB 0.925 0.075
Suspicious Brugada 0.980 0.020
Diagnostic Brugada 0.953 0.047

TABLE VII
COMPUTATIONAL COST OF THE BINARY AND 4-CLASS MODELS.

Model Per-beat time [ms] Beats/s Batch time [s] #Params
Binary 10.60 94.34 0.678 100,106
4-class 10.79 92.71 0.690 100,172

G. Computational Cost

Table VII reports the inference cost of the proposed models.
Both architectures achieve real-time performance, processing
more than 90 beats/s on a single GPU, with an average per-
beat latency of approximately 10.6 ms. The 4-class model
introduces only a negligible increase in computational load
compared to the binary version, despite its higher output
dimensionality. The parameter count remains close to 100 k
in both cases, confirming that the network is lightweight and
suitable for embedded or point-of-care implementations.

IV. DISCUSSION AND CONCLUSIONS

This study investigates the automatic recognition of
Brugada-like ECG patterns using a beat-level classifier trained
on raw morphology from leads V1 and V6. The model achieves
high accuracy in both 4-class and binary tasks (see Tables II-
III). The Suspicious Brugada class, however, remains challeng-
ing due to its structural ambiguity and clinical uncertainty. As
shown in the ROC analysis (see Fig. 3), the model achieves
a high AUC (0.93) for this class, but the lower F1-score
(see Table IV) indicates that establishing a precise cut-off
between Suspicious and RBBB classes is clinically complex.
Most misclassifications involve this class, often interpreted
by the model as a more polarized condition (e.g., RBBB
or Diagnostic Brugada), reflecting real-world diagnosis where
even expert consensus may vary.

Compared to our previous work [9], which used leads
V1–V3, biLSTM layers, and an attention mechanism to capture
temporal dependencies, the current model relies on verti-
cal convolutions only, allowing a controlled evaluation of
morphology-driven features without the influence of temporal
aggregation. Furthermore, it yields an architecture with fewer
parameters by an order of magnitude (see Table VII), simpli-
fying real-time inference.

A key finding of this study is the impact of lead selec-
tion. Compared to clinical standard approaches for Brugada
diagnosis which use contiguous precordial leads (V1–V3), the
cross-validation results (see Table IV) demonstrate that pairing
the right precordial lead V1 with the lateral lead V6 yields
superior performance (accuracy 90.0% vs 87.8%, see Table



IV). Excluding V2 and V3 reduces redundancy among right
precordial leads, while adding V6 provides a complementary
lateral view that helps distinguish the deep slurred S-wave
of benign RBBB from Brugada patterns. This broader right-
to-lateral perspective improves Diagnostic Brugada detection
(∆F1 = +0.12), indicating greater effectiveness than a
localized V1–V3 focus for this stratification task.

Lead-level relevance (see Section III-F) further clarifies
these findings. In the binary task, the model leverages V6

more prominently, indicating that late depolarization cues
help distinguish the stereotypical terminal S-wave of benign
RBBB from early Brugada-like morphologies. In the 4-class
setting, however, the network concentrates its attention on
V1, which carries most Brugada-specific information. This
stronger reliance on a single lead reduces sensitivity to subtler
inter-class variations and contributes to the difficulty in sepa-
rating Suspicious from Diagnostic Brugada. Robustness anal-
ysis confirmed stable performance under realistic noise levels
(see Section III-D), including on 49 ECGs digitized from
paper. Combined with the model’s efficiency, this supports
deployment both in real-time and low-resource environments.

In conclusion, reliable discrimination between Suspicious
Brugada and RBBB is feasible and effectively optimized
by using just two orthogonal leads (V1, V6). While the 4-
class setting reveals Brugada’s complexity, the binary task
(Suspicious Brugada vs. RBBB) highlights a stable decision
boundary between benign and potentially risky morphologies.
Future work will combine spatial and temporal perspectives,
experimenting with the complete V1–V2–V3–V6 lead config-
uration and dynamic labeling to better capture the Brugada
spectrum and its intermittent nature.
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