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Abstract 

Deep neural networks can classify ECGs with high accuracy when training data is 

abundant. Rare conditions like Brugada syndrome, an inherited arrhythmia syn-

drome predisposing to sudden death, pose challenges due to data scarcity hin-

dering model training. We evaluated multiple machine learning (ML) approaches 

to optimise a Brugada ECG classification model using limited training data. The 

baseline model was trained on a dataset comprising 176 Brugada, 176 right bundle 

branch block (RBBB) and 352 normal ECGs from Zhongshan Hospital (Zhongshan-

baseline dataset), framed as a binary classification task to distinguish Brugada from 

non-Brugada ECGs. A 25%-75% train-test split was used to exacerbate data scar-

city. To enhance training, we incorporated three additional datasets: (i) a different, 

labelled ECG dataset from Zhongshan Hospital including normal and RBBB ECGs 

(Zhongshan-pretrain), (ii) an unlabelled ECG dataset from Hammersmith Hospital 

including Brugada and non-Brugada ECGs (Imperial), (iii) an open-access labelled 

ECG dataset (PTB-XL). Three strategies were tested: (1) supervised pretraining, 

(2) self-supervised pretraining with data augmentation, and (3) oversampling using 

SMOTE (synthetic minority oversampling technique). Each model was evaluated 

on the unseen internal test set and an external Brugada mimic dataset. The models 

were re-trained using an 80%-20% train-test split as a secondary analysis. The base-

line model achieved 92.2% accuracy, F1-score 0.837, and area under the Receiver 

Operating Characteristic curve (AUC) 0.962. Supervised pretraining significantly 

improved performance when training data was scarce, with the best model pretrained 
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on the Zhongshan-pretrain dataset boosting accuracy (+3.2%), F1-score (+0.071) 

and AUC + 0.019), with consistent cross-validation performance. Self-supervised 

pretraining produced smaller and more variable gains, although select models better 

mitigated against false positives on the Brugada mimic dataset. SMOTE oversam-

pling showed inconsistent effects on performance. Incorporating pretraining and 

oversampling may facilitate the development of more accurate AI-ECG models for 

rare diseases when training data is limited but provides diminishing returns when 

adequate labelled data is available.

Author summary

AI applied to ECG interpretation (AI-ECG) is an emerging tool in the field of 
cardiac diagnostics that can rapidly automate ECG analysis, improving clinical 
resource utilisation and efficiency. However, rare conditions have limited avail-
able data to train AI-ECG models, hindering their performance. In this study, we 
developed a baseline AI-ECG model for Brugada syndrome using a severely 
restricted dataset and investigated three strategies to address data scarcity: 
supervised pretraining, self-supervised pretraining and oversampling. Pretraining 
involves training the model on a broader dataset before refining it for Bruga-
da classification. This can be supervised, where ECG diagnoses or labels are 
known to the model, or self-supervised, where the model must learn patterns au-
tonomously without labelled ECG data. Oversampling generates synthetic ECGs 
to supplement model training. Our results indicate that configurations of each 
approach provided incremental improvements in model performance and could 
be applied to the development of AI-ECG models for other rare cardiac diseases. 
Notably, we highlight the strongest improvements are achieved using supervised 
pretraining and the potential value of self-supervised pretraining using unlabelled 
datasets, reducing reliance on resource-intensive manual labelling. Togeth-
er, these findings show how data-efficient training strategies can support the 
development of AI-ECG models for rare cardiac diseases and help ensure that 
advances in AI-driven healthcare do not exacerbate existing health inequalities.

Introduction

The field of artificial intelligence (AI) applied to electrocardiograph (ECG) interpreta-
tion (AI-ECG) has grown considerably in recent years. Deep learning has enabled 
computational algorithms to perform rapid, automated ECG classification and predic-
tion tasks. With sufficient training, the accuracy and performance of these specialised 
algorithms is highly impressive, in some cases even demonstrating superhuman 
abilities to detect subclinical ECG patterns [1].

A key requirement for the development of accurate AI-ECG models has been the 
provision of large datasets on which these algorithms can learn complex patterns. 
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This is less easily achieved for rare conditions, where there are relatively few cases to learn from. Recent advances in 
the field of machine learning have highlighted that techniques such as pretraining and synthetic data generation can 
substantially improve model performance where labelled data are scarce, with applications spanning both medical and 
non-medical domains [2,3].

Brugada syndrome is a rare inherited cardiac condition with an estimated prevalence as low as 1 in 5000 worldwide [4]. 
The diagnosis is made by human expert interpretation of the 12-lead ECG. Its association with increased risk of sudden 
death underscores the importance of accurate ECG classification. Demographic factors such as gender and ethnic back-
ground strongly influence the prevalence and clinical presentation of Brugada syndrome, with a greater predominance 
among males and South East Asian populations [5,6].

In this study, we evaluated and compared machine learning techniques to enhance model performance for ECG clas-
sification with restricted training data, using the case example of Brugada syndrome. We aimed to assess the viability of 
these approaches and explore their potential application in AI-ECG models for other rare ECG diagnoses.

Methods

Study design

This was a comparative study assessing different machine learning methods designed to address scarcity of training data 
for a Brugada ECG classification task. The aim of the classification task was to detect the binary presence or absence 
of the characteristic Brugada syndrome ECG pattern from 12-lead ECGs. We assessed whether the following tech-
niques improved model performance: (i) supervised pretraining, (ii) self-supervised pretraining approaches using data 
augmentation and (iii) SMOTE oversampling. We simulated data scarcity by limiting the training data available for model 
development (25%-75% train-test split). The performance of the machine learning models was evaluated using accuracy, 
F1-score and area under the receiver operating characteristic curve (AUC). The developed models do not represent a 
definitive clinically deployable model for Brugada ECG detection, but rather the focus of the study was to illustrate the 
comparative utility of different machine learning strategies to improve model performance in the context of a scarce data-
set. This study was undertaken with Research Ethics Committee approval (24/NS/0032).

Datasets

In total, four ECG datasets were utilised for model development:
1.  Baseline dataset (Zhongshan-baseline dataset).  The train-test dataset for the baseline machine learning model 

was a labelled set of 704 natively digital 12-lead ECGs from 704 individual patients extracted from the Zhongshan 
Hospital database. This comprised 352 normal ECGs, 176 right bundle branch block (RBBB) ECGs, which can mimic the 
Brugada syndrome ECG pattern, and 176 ECGs from patients demonstrating a true Brugada syndrome ECG pattern. 
All Brugada ECGs were from patients with confirmed Brugada syndrome, with a previous history of a spontaneous or 
provoked type 1 Brugada ECG pattern. The case mix of ECGs within this dataset included both type 1 and non-type 1 
Brugada pattern ECGs. The presence or absence of Brugada pattern, including the presence or absence of the type 1 
pattern, on each ECG was verified by an expert in inherited arrhythmia syndromes.

The normal and RBBB ECGs were pooled as “non-Brugada” cases for the binary classification task. The mean age of 
these patients was 53.3 ± 17.4 years and 31.5% were female.

For pretraining approaches designed to enhance learning from limited training data by utilising different data, the follow-
ing datasets were applied:

2.  Zhongshan-pretrain dataset.  9,648 normal and 9,824 RBBB 12-lead ECGs (from 19,472 individual patients: i.e., 
no duplicate patients), extracted from the Zhongshan Hospital database. The mean age of these patients was 57.5 ± 18.5 
years and 37.4% were female.
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3.  PTB-XL dataset.  The publicly available PTB-XL dataset from PhysioNet [7], comprising 21,799 12-lead ECGs 
from 18,869 patients ECGs are pre-labelled as one of five classes: normal ECG, myocardial infarction, ST/T change, 
conduction disturbance, or hypertrophy. The mean age of these patients was 59.5 ± 16.8 years and 47.9% were 
female.

4.  Imperial dataset.  717 12-lead ECG recordings from 67 patients with confirmed Brugada syndrome from 
Hammersmith Hospital. These ECGs were acquired via the Labsystem Pro (Boston Scientific, USA) electrophysiology 
recording system during invasive electrophysiology study procedures and comprise unlabelled recordings including 
Brugada and non-Brugada pattern ECGs (as the Brugada ECG pattern can be transient and concealed at rest). The mean 
age of these patients was 50.1 ± 13.2 years and 52.2% were female.

ECG data processing

The ECG data underwent additional signal processing steps in preparation for the machine learning pipeline. This 
included down-sampling of ECG data to a uniform sampling rate of 100Hz and normalising the amplitude of the filtered 
ECG signal. Individual ECG complexes were extracted using an R-wave peak detection algorithm [8], and then applying 
a 500ms window either side of the R-wave. The ECG processing steps are detailed in the supplementary methods (S1 
Appendix). All ECG processing and model development was undertaken using the Python programming language version 
3.9 and TensorFlow library version 2.1.

Baseline model training

Our baseline AI-ECG Brugada classification model was trained to detect the Brugada pattern from 12-lead ECG data. The 
model architecture consisted of 10 sequential DenseNet blocks as a feature extractor, followed by a fully connected layer 
classification head (Fig 1). Further details are provided in the supplementary methods (S1 Appendix).

Train-test split

The primary analysis was undertaken using a stratified 25%-75% train-test split at the patient level, such that a random 
selection of 25% of the baseline ECGs (Zhongshan-baseline) were partitioned into the training set and the remaining 75% 
formed the hold-out test set. A secondary analysis was also undertaken using a conventional 80%-20% train-test split for 
comparison. The dataset was constructed to maintain a ratio of 3:1 of non-Brugada to Brugada ECGs, and this class dis-
tribution was maintained across the training and hold-out test sets through stratification. Patient-level grouping was strictly 
enforced, such that all ECG beats from a given patient were assigned to a single partition and never appeared across 
training, validation, or test sets. All splits and cross-validation folds were generated using fixed random seeds (random_
state = 42) to ensure reproducibility.

Tested machine learning approaches

Three approaches were applied to determine if they could enhance the baseline model:

1.	  Supervised pretraining

2.	Self-supervised pretraining with data augmentation

3.	Oversampling

1.  Supervised pretraining.  Our first approach to address the challenges presented by the limited training data 
was to perform pretraining. This method involves initially training the feature extractor neural network on a larger, more 
generalised dataset to either perform a separate ECG classification task (supervised learning) or to learn patterns in the 
data from unlabelled data (self-supervised learning). For supervised pretraining, we trained two separate one-dimensional 
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convolutional neural networks with DenseNet-style blocks, each using a different large, labelled ECG dataset (PTB-XL or 
Zhongshan-pretrain).

The pretrained model’s knowledge (i.e., its weights) was then transferred into a new fine-tuned model with an identical 
feature extractor architecture (Fig 2). The majority of the transferred weights are frozen, leaving only the weights of the 
classification head and the final layers of the feature extractor (specifically the final two DenseNet blocks) to be iteratively 
trained when applied to the downstream binary classification task of identifying a Brugada ECG from the baseline dataset 
(Zhongshan-baseline). The resulting lower number of trainable weights enables the model to learn to classify Brugada 
ECGs from significantly less training data. This approach also helps to overcome overfitting challenges, where model 
performance on the training dataset does not generalise to the test dataset.

RBBB and ischaemic ST elevation are ECG patterns that can mimic the Brugada pattern. These patterns and true Bru-
gada ECG patterns can be mistaken for each other by human ECG assessors. We hypothesised that a model trained to 
identify either RBBB, ischaemic ST elevation or other similarly abnormal ECGs would extract similar features and patterns 
to Brugada ECGs. This would clearly be advantageous in the development of our Brugada ECG detection model, as a 
greater proportion of model development can be undertaken using easily obtained and/or widely available ECG data.

Two feature extractor models were pretrained on separate supervised classification tasks with pre-labelled ECG data. 
The first model was trained to distinguish between RBBB and normal ECGs (binary classification), in an approach sim-
ilar to that taken by Liu et al [9]. This was achieved by training the model on labelled normal and RBBB ECGs from the 
Zhongshan-pretrain dataset. A second separate model was pretrained using the PTB-XL dataset to classify five different 
classes of ECG data, enabling a broader range of ECG features to be learnt by the model.

Fig 1.  Network architecture. Network architecture featuring a 1D convolutional neural network with DenseNet-style blocks.

https://doi.org/10.1371/journal.pdig.0001222.g001

https://doi.org/10.1371/journal.pdig.0001222.g001
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2.  Self-supervised pretraining.  We explored self-supervised learning techniques for pretraining models on ECG 
data. Instead of directly classifying ECG signals, we leveraged contrastive learning, which focuses on identifying 
relationships between pairs of ECG signals. By learning to differentiate between pairs of signals that are similar (positive 
pairs) and those that are dissimilar (negative pairs), the model can develop a robust understanding of the data’s 
underlying structure and patterns (Fig 3).

As with supervised pretraining, the pretrained model’s weights are transferred to a new fine-tuned model. We applied 
this approach using two established frameworks:

(i)	 SimCLR (Simple Framework for Contrastive Learning of Visual Representations) [10]

(ii)	 MoCo-V2 (Momentum Contrast for Unsupervised Visual Representation Learning v2) [11]

The SimCLR framework uses the same backbone as in Fig 1 with a two-layer ReLU projection head and allows the 
model to directly learn generalisable features from the augmented ECGs. MoCo-V2 replaces large-batch negatives with a 
dynamic memory queue of encoded samples, which is more computationally efficient. Both frameworks are well described 
in machine learning applications for ECG classification [12–14]. Self-supervised pretraining was undertaken using one 
of three datasets without labels. Either the unlabelled Imperial dataset, or the delabelled PTB-XL or Zhongshan-pretrain 
datasets.

Fig 2.  Transfer learning pipeline. Overview of the supervised pretraining and fine-tuning workflow. A convolutional neural network is first pretrained on 
a large ECG dataset to learn general-purpose feature representations (Step 1). The pretrained feature extractor weights are then transferred to a new 
task-specific model, while the classification head is reinitialised (Step 2). During fine-tuning, a predefined proportion of the transferred feature extractor 
layers is frozen to preserve learned representations, while the remaining layers and the classification head are optimised using the Brugada syndrome 
training dataset (Steps 3–4). This strategy enables knowledge transfer from large-scale ECG data while limiting overfitting in data-scarce settings.

https://doi.org/10.1371/journal.pdig.0001222.g002

https://doi.org/10.1371/journal.pdig.0001222.g002
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Data augmentation is key to the methodology of pair contrastive learning frameworks. This is the artificial generation 
of new training data by making minor transformations to the original data. Associating augmented ECG signals with their 
originals yields additional positive pairs which can subsequently be incorporated into the training process, thus improving 
representation learning and maximising the efficiency of the available training data. To maintain medical accuracy, we 
focused on data augmentation techniques which reflected real-world ECG variations and that reflect common sources of 
variability in ECG acquisition. These included the injection of random baseline drift, mimicking respiratory movement, and 
superimposition of high frequency white Gaussian noise, mimicking fibrillation waves (Fig 4).

Because the effectiveness of data augmentation in contrastive learning is highly domain dependent, we performed 
a systematic ablation study for each dataset in which individual augmentations were applied during self-supervised 
pretraining and evaluated using downstream performance. This analysis revealed that while some clinically plausible 
perturbations can be beneficial, others consistently degrade performance by removing diagnostically relevant morpholog-
ical information. The results of the ablation study are presented in Table A in S1 Appendix. Consequently, augmentation 
strategies were selected empirically rather than based on assumed physiological realism. These augmentations were 
applied only to self-supervised pretraining to facilitate contrastive learning. We detail the steps and parameters used for 
data augmentation within the supplementary methods (S1 Appendix).

3.  Oversampling.  Oversampling techniques seek to address class imbalance within the training dataset. This involves 
the generation of synthetic ECGs modelled on the appearance of ECGs from the minority class (i.e., the Brugada ECGs). 
These synthetic ECGs preserve important relationships within the data while allowing generalisable features to be learnt 
and recreated in new artificial examples.

The synthetic minority oversampling technique (SMOTE) interpolates new data points between the original ECG and 
its nearest neighbour from the same ECG class, thus producing a new slightly different ECG which is still representative 
of the underlying condition (Fig 5). SMOTE has been applied to raw ECG signals for data generation and augmentation in 
other arrhythmia classification models [15,16]. Addressing the class imbalance of Brugada ECGs relative to non-Brugada 
ECGs in our training dataset may improve our Brugada classification model performance. We have provided example 
SMOTE-generated Brugada ECGs in Fig 5. We further detail how SMOTE was undertaken within the supplementary 
methods (S1 Appendix).

Fig 3.  Pair contrastive learning pipeline. Self-supervised contrastive pretraining framework (SimCLR) applied to ECG data. An original ECG is trans-
formed into two augmented views using stochastic signal perturbations. Both augmented signals are passed through a shared feature extractor f(·)to 
produce latent representations, which are further mapped by a projection head g(·) into a contrastive embedding space. The training objective minimises 
the distance between embeddings derived from different augmentations of the same ECG (positive pairs), while maximising the distance between 
embeddings from different ECGs within the batch (negative pairs). After pretraining, the projection head is discarded and the feature extractor is used for 
downstream Brugada classification.

https://doi.org/10.1371/journal.pdig.0001222.g003

https://doi.org/10.1371/journal.pdig.0001222.g003
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All synthetic ECGs were visually reviewed by an expert in inherited arrhythmia syndromes to confirm plausibility. This 
manual inspection provided basic assurance of waveform validity in the absence of a more objective, recognised method 
for validating the physiological plausibility of synthetic ECGs.

Statistical analysis

The performance of the Brugada classification models was evaluated using accuracy, F1-score and AUC (area under the 
receiver operating characteristic curve), sensitivity, specificity, negative predictive value (NPV), positive predictive value 
(PPV), averaged precision (area under the precision-recall curve) and Brier score. Differences in AUC were assessed 
using the DeLong non-parametric test. Paired classification differences at a fixed decision threshold were evaluated using 
McNemar’s test. A two-sided p-value <0.05 was considered statistically significant, with multiplicity controlled using the 
Holm step-down procedure. Cross-validation performance is reported as the mean ± standard deviation with 95% confi-
dence intervals across folds. Bootstrap resampling was used to compared selected pretrained models for further analysis. 
Test set beats were resampled with replacement 1000 times, with identical resampling applied to both models to preserve 
pairing. For each replicate, all prespecified metrics were recomputed and metric differences recorded. We report the mean 
difference and 95% bootstrap confidence intervals, with empirical two-sided p-values derived from the bootstrap distribu-
tion. Descriptive statistics have also been included where appropriate.

Fig 4.  ECG augmentation techniques. Examples of ECG augmentations used during self-supervised contrastive pretraining. Representative 12-lead 
ECG beat shown in its original form (left), after addition of Gaussian noise (centre), and after addition of baseline drift (right). Each column displays the 
same cardiac beat across all 12 leads. Augmentations were designed to introduce realistic signal variability while preserving diagnostically relevant 
morphology. These transformed views were used to generate positive pairs during contrastive pretraining, encouraging the model to learn invariant ECG 
representations robust to noise and baseline shifts.

https://doi.org/10.1371/journal.pdig.0001222.g004

https://doi.org/10.1371/journal.pdig.0001222.g004
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Brugada mimic stress test

We undertook a supplemental analysis to evaluate the false positive rate of each developed model against a curated 
dataset of solely “Brugada mimics”, extracted from Vanderbilt University Medical Center. This 611 ECG dataset included 
RBBB cases (n = 200) and other mimics including early repolarisation (n = 200), anterior ST elevation myocardial infarction 
(n = 200) and hypertrophic cardiomyopathy (n = 11). The mean age of these patients was 53.6 ± 19.9 years and 24% were 
female.

Model explainability

SHapley Additive exPlanations (SHAP) was applied as a post-hoc explainability technique. SHAP GradientExplainer 
was applied using a randomly selected background set of 100 training samples to serve as the reference distribution for 
feature attribution. SHAP values were computed for all test samples with Brugada syndrome. SHAP overlays were also 
generated for a random subset of Brugada samples, showing lead-wise temporal attributions across the ECG waveform. 
To assess whether these attributions were meaningfully linked to learned model parameters rather than artefacts of the 
input, we performed the parameter randomisation sanity check proposed by Adebayo et al [17]. For each model, network 
weights were progressively re-initialised in a top-down cascade while recomputing SHAP attributions, and attribution 
similarity was quantified using Spearman correlation between the flattened absolute SHAP maps of the trained and ran-
domised models across Brugada ECG test samples.

Fig 5.  SMOTE-generated Brugada ECGs. Three example SMOTE-generated Brugada ECGs, with associated J-point amplitude and β angle in 
lead V1.

https://doi.org/10.1371/journal.pdig.0001222.g005

https://doi.org/10.1371/journal.pdig.0001222.g005
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Results

Test set performance for the 25%-75% data split is shown in Table 1, with cross-validation results provided in Table B in 
S1 Appendix. The baseline model performance, without the implementation of additional pretraining or oversampling tech-
niques, achieved an accuracy of 92.2% (F1-score 0.837, AUC 0.962) on the unseen hold-out set. Cross-validation demon-
strated stable baseline performance with an accuracy of 92.1 ± 3.0%, F1-score 0.810 ± 0.092, and AUC 0.946 ± 0.061. 
Supervised pretraining consistently improved performance relative to the baseline model across datasets. Table 2 con-
firms the aggregate benefit, with supervised pretraining raising pooled accuracy by 1.7%. Supervised pretraining on the 
Zhongshan-pretrain dataset yielded the greatest overall improvement, achieving 95.4% accuracy, F1-score 0.908 and 
AUC 0.981 on the test set. As shown in Table C in S1 Appendix, paired bootstrap resampling against the baseline model 
corresponded to statistically significant absolute improvements in performance (accuracy +3.2% [95% CI: 2.7, 3.8], 
F1-score +0.071 [95% CI: 0.059, 0.084], AUC + 0.019 [95% CI: 0.013, 0.025]) and calibration (Brier score -0.032 [95% CI: 
-0.037, -0.027]).

Self-supervised pretraining performance varied more widely depending on the contrastive framework and pretraining 
dataset used, although most configurations performed similarly to the baseline model. The strongest self-supervised 

Table 1.  Brugada classification model performance using the 25%-75% train-test split.

Pretraining
method

Pretraining
data

SMOTE Acc. (%) F1-score AUC Sensitivity Specificity NPV PPV Ave. prec. Brier
score

Baseline

N N N 92.2 0.837 0.962 0.762 0.979 0.921 0.928 0.931 0.073

N N Y 92.1 0.840 0.964 0.789 0.968 0.928 0.898 0.930 0.073

Supervised pretraining

Supervised PTB-XL N 92.4 0.841 0.971 *▲ 0.770 0.979 0.923 0.929 0.938 0.067

Supervised PTB-XL Y 93.5 0.865 0.976 †▲ 0.793 0.985 0.931 0.950 0.950 0.060

Supervised Zhongshan-pretrain N 95.4 *▲ 0.908 0.981 *▲ 0.857 0.989 0.951 0.965 0.965 0.040

Supervised Zhongshan-pretrain Y 95.6 †▲ 0.913 0.981 †▲ 0.881 0.983 0.959 0.948 0.963 0.038

Self-supervised pretraining

SimCLR PTB-XL N 92.7 0.855 0.957 0.822 0.964 0.939 0.890 0.908 0.063

SimCLR PTB-XL Y 91.8 0.835 0.959 0.791 0.963 0.928 0.885 0.917 0.069

SimCLR Imperial N 93.2 *▲ 0.863 0.970 *▲ 0.815 0.974 0.937 0.917 0.930 0.063

SimCLR Imperial Y 91.8 0.830 0.966 0.766 0.972 0.921 0.907 0.925 0.076

SimCLR Zhongshan-pretrain N 91.2 0.800 0.950 0.709 0.979 0.911 0.918 0.902 0.080

SimCLR Zhongshan-pretrain Y 91.1 0.816 0.940 0.756 0.966 0.917 0.887 0.863 0.077

MoCo-V2 PTB-XL N 90.5 0.787 0.940 0.710 0.969 0.910 0.881 0.885 0.079

MoCo-V2 PTB-XL Y 90.5 0.807 0.929 †▼ 0.752 0.960 0.916 0.869 0.859 0.081

MoCo-V2 Imperial N 91.2 0.822 0.949 0.775 0.961 0.923 0.875 0.890 0.079

MoCo-V2 Imperial Y 92.3 0.837 0.967 ‡▲ 0.801 0.963 0.936 0.877 0.918 0.067

MoCo-V2 Zhongshan-pretrain N 90.0 †▼ 0.790 0.955 0.713 0.967 0.905 0.885 0.892 0.081

MoCo-V2 Zhongshan-pretrain Y 91.0 †▼ 0.811 0.963 0.739 0.970 0.913 0.898 0.911 0.076

Note: Y- Yes; N-No; SMOTE - synthetic minority oversampling technique; Acc. – Accuracy; AUC - Area under the receiver operating characteristic curve; 
NPV – Negative predictive value; PPV – Positive predictive value; Ave. prec. – Average precision.

* P < 0.002 comparing each model (no SMOTE) against the baseline (no SMOTE).

† P < 0.002 comparing each model (SMOTE) against the baseline (SMOTE).

‡ P < 0.002 comparing each model (no SMOTE) with the same model (SMOTE).

In the “AUC” column, significance was assessed with the Holm-corrected DeLong test. In the “Acc. (%)” column, significance was assessed with the 
Holm-corrected McNemar test. ▲ indicates improvement, ▼ indicates worsening.

https://doi.org/10.1371/journal.pdig.0001222.t001

https://doi.org/10.1371/journal.pdig.0001222.t001
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model was SimCLR pretrained on the Imperial dataset, which achieved 93.2% accuracy, AUC 0.970, and sensitivity 0.815 
on the test set, representing a modest but statistically significant improvement over the baseline. SimCLR pretrained on 
the PTB-XL dataset yielded smaller gains in performance, although this did not reach significance by DeLong or McNemar 
testing. Paired bootstrapping comparison of SimCLR pretrained on PTB-XL against the baseline demonstrated a small 
but statistically significant improvement in F1-score and sensitivity, alongside a reduction in Brier score (Table C in S1 
Appendix). MoCo-V2 models consistently underperformed SimCLR and, in several configurations, showed slight degra-
dation relative to baseline, likely reflecting greater sensitivity to optimisation and calibration. Cross-validation results were 
concordant with test set findings, with supervised pretraining on the Zhongshan-pretrain dataset outperforming all alter-
natives across performance metrics and self-supervised models using the SimCLR framework demonstrating smaller and 
less consistent improvements.

The application of SMOTE increased the minority class (Brugada ECGs) from 594 to 1,772 individual beats, however 
its impact on model performance was inconsistent. Some configurations showed small gains and others demonstrated no 
improvement or degraded performance. Cross-validation results largely showed overlapping confidence intervals, indicat-
ing no reliable or generalisable benefit.

When the models were re-trained using a conventional train-test split of 80%-20%, the benefits of pretraining were less 
pronounced on the hold-out test set, as shown in Table D in S1 Appendix. The baseline model achieved an accuracy 
of 96.6% and an AUC score that was close to 1.0, leaving little room for pretrained models to demonstrate significant 
improvements. Learning curve analysis shown in Fig A in S1 Appendix further illustrates this trend, demonstrating that the 
relative benefit of supervised pretraining diminishes as the number of labelled training samples increases and baseline 
performance approaches a ceiling. The cross-validation baseline model performance for the 80%-20% split (Table E in 
S1 Appendix) was more consistent, with narrower confidence intervals than for the 25%-75% split. Application of SMOTE 
using the 80%-20% train-test split yielded an additional 3,664 synthetic Brugada ECGs to the training set (from 1,989–
5,653). However, as with the 25%-75% train-test split, there was no consistent improvement in performance when using 
SMOTE-generated ECGs.

When evaluated against an external “Brugada mimic” test set (Table 3), the baseline model yielded an overall false 
positive rate (FPR) of 26%. Specific self-supervised pretrained model configurations dramatically improved the FPR 
to 5% and below, specifically the SimCLR-pretrained models using both the PTB-XL and dataset and the MoCo-V2-
pretrained models using the Zhongshan-pretrain dataset. In contrast, supervised pretrained models exhibited variable 
performance, with some configurations exhibiting a similar FPR to the baseline and others showing a substantially 
higher FPR Table 3.

Table 2.  Impact of pretraining approach and SMOTE oversampling on overall model performance.

Improvements Pooled Accuracy* Δ

Baseline model 92.2% –

+ SMOTE 92.1% -0.1

+ Supervised pretraining 93.9% +1.7

+ Supervised pretraining with SMOTE 94.6% +2.4

+ SimCLR 92.4% +0.2

+ SimCLR with SMOTE 91.6% -0.6

+ MoCo-V2 90.6% -1.6

+ MoCo-V2 with SMOTE 91.3% -0.9

*Pooled accuracy, including models pretraining using the Imperial, PTB-XL and Zhongshan-pretrain data-
sets. Δ, change in pooled accuracy.

https://doi.org/10.1371/journal.pdig.0001222.t002

https://doi.org/10.1371/journal.pdig.0001222.t002
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By applying SHAP analysis to the Brugada ECG samples in the test set, the relative contribution of each lead to the 
model’s predictions was determined for the positive class, i.e., whether a Brugada ECG is present. SHAP values aggre-
gated across each lead showed the highest mean values in leads V1 and V2 (Fig 6A). The frequency with which a given 
lead was ranked within the top 3 leads by summed SHAP values was also determined (Fig 6B), demonstrating again that 
leads V1 (89% of cases) and V2 (60% of cases) were the two most influential leads for the model’s decision making for 
identifying Brugada ECGs. This mirrors clinical practice, whereby leads V1 and V2 situated over the right ventricular out-
flow tract, are the essential leads for determining the presence of a Brugada ECG pattern.

To validate that these lead-level attributions reflected meaningful learned representations, we performed additional 
explainability sanity checks. In Fig B in S1 Appendix, progressive parameter randomisation degraded both model per-
formance and SHAP attribution similarity toward chance, indicating that explanations were model-dependent rather than 
artefactual, while lead ablation showed the largest changes in predicted Brugada ECG probability when masking V1-V2. 
In Fig C in S1 Appendix, time-resolved SHAP overlays show that correctly classified Brugada ECGs exhibit concentrated 
attribution in leads V1–V2, primarily around the QRS complex, ST segment, and early T wave, whereas misclassified 
cases show attribution spread across other leads, such as III and aVL. This indicates that correct predictions rely on 
clinically expected Brugada features, while misclassifications arise when the model attends to less informative or atypical 
ECG regions.

Table 3.  Brugada classification model false positive rate, evaluated on the external Brugada mimic dataset.

Pretraining
method

Pretraining
data

SMOTE False Positives

RBBB
 (n = 200)

Early
repolarisation 
(n = 200)

Anterior STEMI
 (n = 200)

HCM
 (n = 11)

Overall
 (n = 611)

Baseline

N N N 58 (29%) 48 (24%) 48 (24%) 3 (27%) 157 (26%)

N N Y 71 (22%) 59 (16%) 52 (22%) 5 (45%) 187 (31%)

Supervised pretraining

Supervised PTB-XL N 148 (74%) 100 (50%) 108 (54%) 6 (54%) 362 (59%)

Supervised PTB-XL Y 15 (8%) 8 (4%) 22 (11%) 0 (0%) 45 (7%)

Supervised Zhongshan-pretrain N 44 (22%) 32 (16%) 44 (22%) 2 (18%) 122 (20%)

Supervised Zhongshan-pretrain Y 131 (66%) 143 (72%) 137 (69%) 7 (63%) 418 (68%)

Self-supervised pretraining

SimCLR PTB-XL N 15 (8%) 6 (3%) 8 (4%) 1 (9%) 30 (5%)

SimCLR PTB-XL Y 9 (5%) 8 (4%) 6 (3%) 0 (0%) 23 (4%)

SimCLR Imperial N 95 (48%) 118 (59%) 120 (60%) 6 (54%) 339 (56%)

SimCLR Imperial Y 102 (51%) 116 (58%) 127 (64%) 6 (54%) 351 (57%)

SimCLR Zhongshan-pretrain N 88 (44%) 69 (35%) 59 (30%) 4 (36%) 220 (36%)

SimCLR Zhongshan-pretrain Y 29 (15%) 21 (11%) 17 (9%) 0 (0%) 67 (11%)

MoCo-V2 PTB-XL N 68 (34%) 39 (20%) 62 (31%) 2 (18%) 171 (28%)

MoCo-V2 PTB-XL Y 79 (40%) 55 (28%) 80 (40%) 4 (36%) 218 (36%)

MoCo-V2 Imperial N 96 (48%) 82 (41%) 90 (45%) 4 (36%) 272 (45%)

MoCo-V2 Imperial Y 50 (25%) 42 (21%) 46 (23%) 2 (18%) 140 (23%)

MoCo-V2 Zhongshan-pretrain N 4 (2%) 3 (2%) 1 (1%) 0 (0%) 8 (1%)

MoCo-V2 Zhongshan-pretrain Y 11 (6%) 14 (7%) 8 (4%) 0 (0%) 33 (5%)

Note: Y- Yes; N-No; SMOTE - synthetic minority oversampling technique. Number of false positives by mimic category, false positive rate (%) in brackets. 
All models evaluated were trained using the 25%-75% train-test split.

https://doi.org/10.1371/journal.pdig.0001222.t003

https://doi.org/10.1371/journal.pdig.0001222.t003
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Discussion

In this study, we evaluated the utility of various pretraining approaches and synthetic data generation on the performance 
of an AI-ECG classification model for Brugada syndrome. We intentionally restricted the amount of training data available 
by partitioning a much larger proportion of our available data into the test set, simulating the data scarcity encountered 
when developing models for rare diseases. We found that the supervised pretrained approach consistently outperformed 

Fig 6.  SHAP-based lead-level analysis for Brugada syndrome classification. (A) Mean absolute SHAP value per ECG lead across all test samples 
with Brugada syndrome, reflecting average attribution magnitude. Error bars represent one standard deviation. (B) Frequency with which each lead 
appeared in the top three most impactful, as determined by SHAP attribution, across Brugada cases.

https://doi.org/10.1371/journal.pdig.0001222.g006

https://doi.org/10.1371/journal.pdig.0001222.g006
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the baseline model performance in the context of severely restricted training data. Additionally, some self-supervised 
approaches also achieved competitive performance beyond the baseline model, but these gains were highly dependent 
on the framework and pretraining dataset used.

Baseline model performance

The baseline model, which incorporated neither pretraining nor oversampling, achieved an accuracy of 92.2% and an 
F1-score of 0.837 on the test set, despite its training being intentionally restricted to a relatively small pool of data (ECG 
samples from only 44 positive Brugada cases). Although this seems a reasonably high level of accuracy, this was a 
partition of a single dataset, not an external testing set. Despite the high accuracy of the baseline model, we were able to 
demonstrate considerable improvements in model performance, mitigating for limited training data, using several machine 
learning strategies.

Supervised pretraining

Both supervised pretraining approaches (PTB-XL and Zhongshan-pretrain) significantly outperformed the baseline 
non-pretrained approach, showing strong improvements in accuracy, specificity, and AUC across both test and cross-
validation metrics. With the addition of supervised pretraining, the overall accuracy of the model increased by up to 3.2% 
(from 92.2% to 95.4%) using the Zhongshan-pretrain dataset, with increased sensitivity (from 0.762 to 0.857) while main-
taining high specificity (from 0.979 to 0.989). If this improvement was borne out in a prospective, external validation study, 
this would result in a substantial, clinically meaningful, reduction in misdiagnoses by the final model. Taking the example 
of 1000 patients referred for suspected Brugada syndrome and assuming a 25% prevalence of Brugada syndrome within 
this high-risk cohort, the supervised pretrained model would detect 24 additional true Brugada cases that may have oth-
erwise been missed as false negatives (9.5% improved sensitivity). This would roughly half the number of patients who 
received false reassurance and ensure that these true Brugada cases are appropriately flagged for timely ICD implan-
tation or lifestyle interventions, mitigating their risk of sudden death. An important caveat is that the positive predictive 
value of the developed models would be adversely affected in a lower prevalence context, such as screening unselected 
ECGs from the electronic health record or emergency department presentations. For this reason, these models should 
be deployed in contexts where there is a high pre-test probability, such as patients referred to inherited cardiac condi-
tion specialist clinics or undergoing evaluation for suspected Brugada syndrome with ambulatory 24-hour 12-lead Holter 
monitoring.

The PTB-XL and Zhongshan-pretrain datasets both comprise thousands of labelled ECGs displaying Brugada mimics, 
including RBBB and ST elevation myocardial infarction. True Brugada ECG patterns can be easily mistaken for these Bru-
gada mimics even by human experts [18–21]. Pretraining using the Zhongshan-pretrain dataset achieved higher accuracy 
versus the PTB-XL dataset, which likely reflects its closer similarity to the target domain data and the focused inclusion of 
RBBB cases, the key differential diagnosis for Brugada syndrome. Our findings suggest that supervised pretraining using 
ECGs resembling positive cases helps neural networks learn generalisable features that improve performance during 
fine-tuning.

Self-supervised pretraining

Self-supervised pretraining approaches performed variably on the unseen test set, but specific configurations did improve 
performance beyond the baseline model, although not achieving the same performance as the best supervised model. 
The variability in performance improvement likely relates to the inherent nature of self-supervised pretraining, where the 
features learnt by the model during pretraining are not optimised towards the downstream task of Brugada ECG classifica-
tion, in contrast with supervised pretraining. Instead, the models learn more generic underlying patterns and features from 
the ECG signal, which can vary.
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Despite this variation and the disadvantage of unlabelled ECG data, the best performing self-supervised model (SimCLR 
framework applied to the Imperial dataset), achieved an accuracy of 93.2% – comparable to the supervised pretrained 
models (92.4%-95.4%). This result is particularly impactful, as it suggests that effective model pretraining can be readily 
achieved using entirely unlabelled datasets, bypassing the need for manual, resource-intensive labelling processes [22].

The choice of pretraining dataset and approach appeared to strongly influence the extent to which pretraining improved 
accuracy. For example, the Imperial dataset showed more reliable performance on the test set as compared to the 
Zhongshan-pretrain and PTB-XL datasets, likely due to the Brugada-specific ECG data contained within it. Conversely, 
self-supervised models pretrained using the Imperial dataset generally had a disproportionately high FPR on the external 
Brugada mimic stress test, in contrast to models pretrained using the larger and more diverse PTB-XL and Zhongshan-
pretrain datasets, where some configurations yielding substantial FPR improvements over the baseline model. This 
suggests that the lack of labels in self-supervised pretraining renders model performance more dependent on the diver-
sity, representativeness and quality of the pretraining dataset [23]. As with supervised pretraining and oversampling, the 
effectiveness of the self-supervised pretraining frameworks likely depends on how well the data augmentations capture 
meaningful variations relevant to Brugada classification; however, where diagnostically relevant morphological features 
are obscured, performance of these self-supervised pretrained models may be degraded [24]. Collectively, these findings 
indicate that self-supervised pretraining is not inherently advantageous but can potentially make models more robust to 
distribution shifts and help mitigate false positives. However, this is contingent on careful selection of pretraining data and 
framework.

The benefits of pretraining were profoundly reduced in the models trained using the 80%-20% train test split, and 
although some models showed numerically higher accuracy or AUC, these differences were marginal and do not trans-
late into meaningful gains over the baseline model. Tables F in S1 Appendix and Table G in S1 Appendix summarise the 
computational cost of supervised and self-supervised pretraining across datasets of different sizes, demonstrating that 
training cost scales strongly with the size of the dataset. Given the additional computational overhead of pretraining, mar-
ginal performance gains and excellent baseline model performance, these results do not support the use of pretraining 
when adequate labelled data is available.

Oversampling

Under data-scarce conditions, the addition of SMOTE-generated ECGs had a modest and inconsistent effect on overall 
model performance across the different approaches. In the baseline models, its use resulted in almost no meaningful 
change, with accuracy and F1-score remaining essentially stable. Among both supervised and self-supervised pretrained 
models, the results were variable, with only the MoCo-V2 model pretrained on the Imperial dataset accruing an improved 
overall performance.

Synthetic Brugada ECGs were generated using SMOTE to augment the training set and to address class imbalance 
within the training data. Addressing class imbalance is especially pertinent in real-life ECG datasets, with normal condi-
tions like sinus rhythm ECGs, and common mild abnormalities like RBBB, vastly over-represented compared to Brugada 
syndrome and other rare conditions [25]. By addressing the class imbalance, SMOTE can potentially help AI-ECG mod-
els better represent the minority classes but also reduce the risk of bias, ensuring more accurate predictions across all 
classes.

However, SMOTE has limitations in terms of diversity. By interpolating existing minority class samples, it tends to 
generate synthetic data that closely resembles the real samples, without introducing novel variations. To assess this, we 
conducted a t-SNE analysis on Brugada ECGs, comparing real and synthetic samples, shown in Fig D in S1 Appendix. 
This demonstrated that SMOTE ECGs clustered with real patient ECGs, indicating morphological plausibility but also a 
lack of diversity, with the possibility of overfitting. While SMOTE addresses class imbalance, its conservative nature may 
limit the introduction of more diverse examples that could enhance the model’s robustness [20].
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SMOTE was chosen over other data augmentation techniques because it provides a straightforward, effective way to 
address class imbalance and introduce synthetic variability. While waveform-specific augmentations, such as noise, tem-
poral warping or lead masking, could potentially enhance diversity, they require careful selection to ensure generated data 
remains realistic and avoid altering diagnostically important features which could lead to ECG misclassification. This is 
particularly important in the case of Brugada syndrome, which is characterised by the specific morphological appearance 
of coved or saddleback ST elevation in the V1-V3 leads, where distortion of the signal may inadvertently alter the ECG 
diagnosis.

In addition to SMOTE, we also trialled a convolutional variational autoencoder (VAE) with skip connections and 
standard reconstruction and KL divergence loss to generate synthetic Brugada ECGs (see Section “Synthetic ECG 
generation using a variational autoencoder” in S1 Appendix). While the model reproduced some lead-wise morphology 
(Fig E in S1 Appendix), the generated signals lacked coherent inter-lead relationships and were ultimately deemed 
unsuitable for training after expert review. However, this does not imply that all deep generative models are unsuitable 
for generating synthetic ECGs. For example, Zanchi et al demonstrated that GAN-generated Brugada ECGs could be 
indistinguishable from real cases based on expert evaluation, with low mean accuracy (40%) and wide inter-rater vari-
ability in distinguishing synthetic from real ECGs [26]. These results suggest that deep generative models can produce 
high-quality synthetic ECGs to handle class imbalance or data scarcity, but further work is still necessary to refine these 
models, possibly by incorporating domain-specific constraints and regularisation strategies to ensure physiological 
plausibility and preserve the inter-lead relationships critical to accurate ECG interpretation [27]. Future work within this 
field should focus on the validation of synthetic ECG data generated using a range of augmentation, generative and 
oversampling techniques.

AI-ECG for Brugada syndrome

Several groups have developed machine learning approaches to automate the detection of the Brugada ECG pattern from 
the 12-lead ECG. Liu et al first explored the utility of supervised pretraining to discriminate RBBB ECGs from non-RBBB 
ECGs, and subsequently applied transfer learning to a Brugada classification model [9]. Their training dataset comprised 
138 ECGs with a type 1 Brugada ECG pattern and 138 non-Brugada ECGs. The diagnostic performance of the model 
was compared with that of board-certified cardiologists, achieving an AUC of 0.96, with 88.4% sensitivity and 89.1% spec-
ificity, showing high consistency with standard diagnoses (kappa coefficient 0.78). Liao et al leveraged a much larger data-
set consisting of 1190 12-lead ECGs of patients with definite and suspected Brugada syndrome [28]. Their Brugada type 
1 classification model achieved impressive performance on the test cohort, achieving an AUC of 0.976, comparable to 
two independent cardiologists’ interpretation. The developed Brugada AI-ECG classification models were also applied to 
24-hour 12-lead Holter recordings, highlighting a potential use case of these models for ambulatory ECG diagnostics [28]. 
Ronan et al evaluated a self-supervised pretraining approach for Brugada ECG classification using the VICReg frame-
work [29]. They utilised almost four million unlabelled ECGs for model pretraining and used a training set of 142 Brugada 
ECGs and 258 non-Brugada ECGs, reporting a superior performance of the VICReg fine-tuned model compared to the 
baseline model (AUC 0.88 vs 0.76). In this study, we leveraged a much broader range of techniques, directly comparing 
both supervised and self-supervised approaches, as well as oversampling techniques not previously applied for Brugada 
classification, all within the context of intentionally restricted data.

Rare disease implications

Rare conditions, though individually uncommon, collectively represent a substantial public health burden. Patients 
with rare conditions are subject to health inequalities due to delays to diagnosis, limited treatment options and under-
awareness of their condition [30]. As AI-ECG models are developed, it is essential to prioritise equitable deployment to 
prevent further widening of health disparities for patients with rare diseases.
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Large pretrained foundational models can facilitate the development of AI-ECG models for detecting other rare 
diseases with small datasets. For example, Hu et al leveraged supervised pretraining and transfer learning to improve 
AI-ECG model performance to detect conditions like carcinoid syndrome and pericardial constriction, even though 
these conditions were not part of the initial training data [31]. Rare diseases like Brugada syndrome present a particular 
equity challenge, as their low prevalence makes it difficult to curate sufficiently large and diverse labelled datasets. This 
increases the risk of overfitting to the limited cases available, which may not capture the full range of ECG variation 
of the condition. Preliminary supervised or self-supervised pretraining on large, heterogeneous datasets that include 
diverse populations and related ECG phenotypes can help address this gap, improving generalisability and equity once 
models are fine-tuned on smaller, disease-specific datasets. Validation of rare disease AI-ECG models on sufficiently 
diverse datasets is an important next step to ensure that they perform accurately and reliably across different demo-
graphic groups.

The clinical setting in which AI-ECG models are deployed is also highly relevant when evaluating their real-world 
performance. The composition of our training and test set had a much higher proportion of positive Brugada cases (1:3) 
relative to what would be expected in the general population. As a result, testing the model in a real-world setting with 
lower Brugada syndrome prevalence may reduce its precision (positive predictive value). However, a higher prevalence 
of true Brugada cases could be encountered in different clinical contexts, such as in patients with a positive family history, 
suspicious presentation or suspected cases undergoing 12-lead ambulatory ECG monitoring. In these cases, the class 
distribution of our training set would be more representative of the real-world class distribution.

Limitations

The training and test sets were derived from a single centre and comprised only normal, right bundle branch block and 
Brugada ECGs. While this design allowed controlled evaluation under data-scarce conditions, it does not fully reflect 
the full diversity of ECG morphologies encountered in clinical practice. To partially address this, we evaluated model 
behaviour using a small external Brugada mimic stress test sourced from a different centre. Although this provided useful 
insight into out-of-domain false positive behaviour, the limited size of the mimic dataset restricts the precision of perfor-
mance estimates and precludes robust subgroup analyses. As such, conclusions regarding generalisability to broader 
Brugada-like pathologies should be interpreted cautiously, and validation against larger independent external datasets 
remains necessary.

As discussed, the overrepresentation of Brugada cases in the Zhongshan-baseline dataset does not reflect the true dis-
tribution within the general population. Applying these models to our Brugada enriched test set is therefore likely to have 
inflated their performance. The developed models have only undergone internal validation testing and thus there is likely 
to be a degree of overfitting of the data. Several sources of heterogeneity and bias were not fully captured as part of this 
study, including variability of ECG machines from different vendors, different ECG amplifier/filter settings, ECG electrode 
placement differences (including conventional vs high praecordial lead ECG placement), label noise due to retrospective 
data curation, and potential demographic drift.

We do not presume that the performance of the models trained in this study reflect performance in a real-world setting 
against prospective cases. Rather, these models serve to demonstrate how different machine learning techniques can 
mitigate against data scarcity for ECG classification tasks. Our findings suggest that implementation of these adjunctive 
machine learning techniques has a positive impact on model performance, enabling AI-ECG models to better overcome 
the challenge of data scarcity during training.

SMOTE addressed class imbalance effectively, but it did so by generating synthetic samples that closely resembled 
real data without introducing significant diversity. This could limit the model’s ability to generalise and lead to overfitting. 
SMOTE-generated ECGs were reviewed for biological plausibility by only a single expert. A more robust and systematic 
approach to generation and validation of synthetic ECG data may ensure consistency and maintain data integrity.
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Conclusion

Our findings demonstrate that by leveraging appropriate pretraining approaches and oversampling techniques, it is possible to 
significantly improve the performance of AI-ECG models for detecting Brugada syndrome, even with limited training data. This 
is a viable strategy for developing AI-ECG models for other rare cardiac conditions where data is scarce, and these approaches 
should be considered during model development to maximise accuracy and performance prior to clinical deployment.
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