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Aims Synthetic electrocardiograms (ECGs) for inherited cardiac diseases may overcome the issue related to data scarcity for arti
ficial intelligence (AI)-based algorithms. This study aimed to evaluate experienced cardiologists’ ability to differentiate syn
thetic and real Brugada ECGs.

Methods 
and results

A total of 2244 ECG instances (50% synthetic generated by a generative adversarial network, 50% real Brugada patients’ 
ECGs) were evaluated by 7 cardiologists, each with >15 years of experience. All ECGs were standard 12-lead recordings 
acquired with identical settings (paper speed 25 mm/s, amplitude 10 mm/mV) and randomly assigned without identifying 
markers. The examination was blinded and conducted in 2 rounds with at least 2 h gap between rounds to assess potential 
learning effects and intra-rater reliability. Each physician classified the recordings as ‘real’ or ‘synthetic’ without having any 
additional information. Performance metrics, including accuracy, sensitivity, specificity, and intra-rater reliability (Cohen’s 
Kappa), were analyzed. Brugada syndrome (BrS) specialists’ repeated evaluations were characterized by low accuracy (first 
round 40%, second round 42%), specificity (first round 22%, second round 26%) and sensitivity (first round 58%, second 
round 58%). Intra-rater reliability varied widely (Cohen’s Kappa: −0.12 to 0.80).

Conclusion Synthetic Brugada ECGs cannot be adequately distinguished from real patients’ ECGs by BrS specialists.
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Introduction
Brugada syndrome (BrS) is an inherited arrhythmia syndrome charac
terized by distinctive electrocardiographic (ECG) patterns and an in
creased risk of sudden cardiac death.1,2 Despite established diagnostic 
criteria, the identification of BrS remains challenging due to the dynamic 
nature of ECG manifestations, phenotypic variability, and the need for 
an expert interpretation.

The emergence of artificial intelligence (AI) and machine learning 
(ML) approaches in cardiology has shown promise in improving diag
nostic accuracy and efficiency.3–10 However, the development and val
idation of AI-enabled ECG diagnostic tools for rare cardiac diseases like 
BrS faces a significant obstacle: the scarcity of available training data to 
build comprehensive datasets for AI-model development.

Synthetic ECG generation, powered by advanced ML techniques, has 
emerged as a potential solution to overcome data scarcity.11,12

Synthetic ECGs could potentially augment existing datasets for AI train
ing, enhance medical education, and help the development of more ro
bust diagnostic algorithms.13,14 However, to be valuable for clinical 
applications and research, synthetic ECGs must faithfully reproduce 
the subtle characteristics and variations seen in real patient recordings. 
This requirement raises a critical question: can synthetic ECGs be dis
tinguished from genuine clinical data, even by expert clinicians? This 
study addresses this fundamental question by investigating experienced 
cardiologists’ ability to differentiate synthetic and real Brugada ECGs. 
Signal’s visual inspection represents the most widely adopted approach 
to evaluate the quality of synthetic datasets, with other metrics such as 
statistical distribution matching and time-domain analysis being less com
monly employed.13,14 Our aims were to: (i) assess the distinguishability 

of synthetic BrS ECGs from real patient recordings through expert 
evaluation, and (ii) analyse the consistency of expert judgements across 
multiple assessments. Expected clinical implications of this study rely on 
the potential of validated synthetic ECGs to serve as an educational re
source for healthcare professionals at all levels, enabling comprehensive 
training in BrS pattern recognition despite the condition’s rarity in clin
ical practice. Furthermore, the successful validation of synthetic ECGs 
could address the critical challenge of data scarcity in developing AI diag
nostic tools for BrS, allowing the creation of more robust and accurate 
algorithms through augmented training datasets.

Methods
Synthetic ECGs were generated using a Generative Adversarial Network 
(GAN), namely Pulse2Pulse GAN, trained on 12-lead ECG recordings 
from 21 Brugada patients. The detailed network architecture and imple
mentation specifications are described in the referenced work.15 The real 
ECG recordings used for training had a sampling frequency of 1 kHz, amp
litude resolution of 1 μV, and each recording lasted 5 min. Data Institutional 
and Ethics Committee approval was obtained (BASEC 2019-00754/CE 
3476). The diagnosis of Brugada syndrome was established based on the 
current guidelines and the Shanghai Score System criteria.2 The synthetic 
ECGs were generated to match these same technical specifications, ensur
ing signal quality and characteristics comparable to the real recordings.

For the clinical evaluation, seven cardiologist experts in BrS (E.R.B., P.B., 
J.P., G.S.B., L.C., G.C., and B.B.) with >15 years of experience in the field 
were recruited. A dataset of 2244 ECG instances was created (50% synthet
ic ECGs, 50% ECGs from real BrS patients). This ratio was not disclosed to 
the evaluating physicians. All ECGs were presented in a standardized format 
using a proprietary web API with identical display settings (standard paper 
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speed of 25 mm/s, amplitude scaling of 10 mm/mV) and viewing conditions 
for both real and synthetic ECGs. The ECGs were randomized and displayed 
without any identifying markers or metadata that could indicate their origin.

The cardiologists were instructed to classify each recording either as 
‘real’ or ‘synthetic’, without any additional guidance or clinical context. To 
investigate the repeatability of their assessments, cardiologists performed 
this classification task twice, with at least 2 h interval between evaluations. 
This repeated, blinded evaluation aimed to test both the distinguishability of 
synthetic ECGs and the consistency of the clinicians’ judgements.

Figure 1 represents an example of real and synthetic Brugada type I ECGs. 
As shown, synthetic ECG highly resembled the typical features of Brugada 
type I pattern. Overall characteristics, like rhythmicity, ECG waveforms and 
cardiac axis are highly realistic in synthetic sample.

Statistical analysis and evaluation metrics
Performance metrics were calculated considering real ECGs as the positive 
class and synthetic ECGs as the negative class. We computed sensitivity 
(true positive rate, proportion of correctly identified real ECGs), specificity 
(true negative rate, proportion of correctly identified synthetic ECGs), pre
cision (positive predictive value, proportion of true real ECGs among those 
classified as real), accuracy (proportion of correct classifications overall), 
and F1-score (harmonic mean of precision and sensitivity). Wilcoxon 
signed-rank test assessed differences in performance metrics between 
evaluation rounds, with statistical significance set at α = 0.05. Inter-rater re
liability between rounds was evaluated using Cohen’s Kappa coefficient, 
which measures agreement beyond chance, with values interpreted as:  
< 0 poor, 0.01–0.20 slight, 0.21–0.40 fair, 0.41–0.60 moderate, 0.61– 
0.80 substantial, and 0.81–1.00 almost perfect agreement. All statistical 
analyses were performed using Python’s Scipy and Sklearn libraries.

Results
Experienced cardiologists’ evaluation of synthetic compared with real 
ECG instances revealed high challenges in distinguishing between 

the two types of data. In the first evaluation round, the cardiologists 
achieved an overall mean accuracy of 40%, with similar sensitivity 
(58%, indicating the ability to correctly identify real ECGs) but lower 
specificity (22%). The second round documented a slight improvement 
in overall accuracy (42%), specificity (26%), and precision (43%), with 
minimal change in sensitivity (58%) and a small increase in the 
F1-score (50%). Overall, the ECG evaluation showed consistently high
er sensitivity than specificity across both rounds (58% vs. 22% in Round 
1, 58% vs. 26% in Round 2). This pattern suggests a notable tendency to 
classify ECGs as real, even when they are synthetic, implying that syn
thetic ECGs closely resemble real ones. The high sensitivity, paired 
with lower specificity, reflects the realistic features of the synthetic 
data generated.

Wilcoxon signed-rank test comparing performance metrics between 
the two rounds showed no statistically significant differences (all 
P-values > 0.6) Table 1. Intra-rater reliability varied widely, with 
Cohen’s Kappa values ranging from 0.80 (indicating substantial 

Figure 1 Comparison of A) real ECG and B) synthetic ECG from Brugada dataset.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Performance metrics of cardiologists in 
distinguishing synthetic against real ECGs across two 
evaluation rounds

Metric Round 1 Round 2 P-value

Accuracy 40 ± 18 42 ± 13 0.71

Sensitivity 58 ± 25 58 ± 16 1.0
Specificity 22 ± 12 26 ± 13 0.62

Precision 41 ± 16 43 ± 10 0.62

F1-score 48 ± 19 50 ± 12 0.81

Results are presented as mean ± standard deviation obtained across scorers.
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agreement) for one cardiologist to −0.12 (indicating disagreement) for 
another, suggesting notable inconsistency in individual assessments. 
These findings highlight the difficulty in reliably distinguishing synthetic 
ECGs from real ones and the variability in cardiologist performance 
over repeated evaluations.

Discussion
Our findings reveal a concerning difficulty of experienced cardiologists 
to consistently distinguish between real and synthetic Brugada ECGs, as 
denoted by low accuracy of 40% and 42% in Round 1 and Round 2, re
spectively. This raises significant implications for both clinical practice, 
research methodology and may overcome the machine learning issue 
related to data scarcity in patients with rare cardiac diseases. 
Different previous studies have reported similar results.14 Alcaraz 
et al.16 exploited a diffusion-based conditional ECG generator, and a 
single expert cardiologist validated a small subset of synthetic data. 
Result showed low accuracy (50%), specificity (22.75%) and precision 
(50%) while a modest sensitivity was reached (77%).16 Similarly, Cao 
et al.17 validated a generative network through the aid of an expert 
technician, who obtained an overall accuracy in distinguishing real and 
generated ECGs of 63% (normal sinus rhythm samples) and 75% (atrial 
fibrillation samples).17 The ease with which clinicians are misled by syn
thetic ECGs underscores the sophisticated nature of current ECG gen
eration techniques, but also highlights potential risks in relying on 
artificial data without proper disclosure.

In the current work, the observed inconsistency in repeated assess
ments further emphasizes the challenge synthetic ECGs pose to clinical 
judgement, with Cohen’s Kappa values ranging from 0.80 to −0.12. This 
uncertainty could have far-reaching consequences in diagnostic accur
acy and treatment decisions if synthetic ECGs are inadvertently inte
grated into clinical workflows or training materials without clear 
identification.

However, it is crucial to recognize that synthetic ECGs, when 
properly managed and transparently used, offer substantial benefits 
to cardiac research and education. They can augment limited real- 
world datasets, enabling more comprehensive training for medical pro
fessionals and facilitating the development of improved diagnostic algo
rithms. Synthetic data can also address privacy concerns associated with 
using real patient ECGs, potentially accelerating research, and innov
ation in cardiac care. The key lies in striking a balance between lever
aging the advantages of synthetic ECGs and mitigating the risks they 
pose.

The upcoming challenge is to develop robust protocols for the gen
eration, use, and disclosure of synthetic ECGs. This approach would al
low the field to harness the full potential of this technology while 
maintaining the integrity of clinical practice and research methodology. 
Researchers must explicitly declare the use of synthetic data in all pub
lications and presentations. Clear guidelines are needed for the integra
tion of synthetic ECGs in research datasets to maintain data integrity. 
Studies involving synthetic ECGs should include this information in par
ticipant consent processes. The development of standardized proto
cols for the use and disclosure of synthetic ECGs in both research 
and clinical training contexts is advised.

Moving forward, several key areas require attention. There is a need 
to improve synthetic ECG generation techniques to create more distin
guishable artificial ECGs, potentially incorporating deliberate artefacts 
that signal their artificial nature. The potential for AI-driven tools to as
sist in distinguishing between real and synthetic ECGs should be inves
tigated. Lastly, collaboration with regulatory bodies is crucial to 
establish industry-wide standards for the use and disclosure of synthetic 
medical data. These steps are crucial to harness the benefits of synthetic 
ECGs in research and education while mitigating risks to clinical practice 
and scientific integrity.

The scientific community must work collaboratively to establish clear 
guidelines for the generation, use, and disclosure of synthetic ECGs. By 
doing so, we can harness the potential of this technology to enhance 
learning, expand research capabilities, and ultimately improve patient 
care, while safeguarding the integrity of clinical practice and scientific 
inquiry.

Our study presents some limitations that warrant consideration. 
While our findings demonstrate the difficulty in distinguishing between 
real and synthetic ECGs, these results are specifically obtained for BrS 
ECGs generated by the exploited generative AI-model (Pulse2Pulse 
GAN). The observed indistinguishability may not generalize to other 
cardiac conditions or different ECG generation techniques. Further re
search is needed to validate these findings across different cardiac path
ologies and generative AI-tools.

Conclusions
Brugada expert cardiologists cannot distinguish synthetic Brugada 
ECGs from real BrS patients’ ECG.
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