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Abstract
Deep neural networks require large datasets,

yet medical phonocardiogram (PCG) data are
scarce due to privacy and disease rarity. To
address this challenge in PCG analysis, we
present a function-generated PCG pipeline that
synthesizes S1/S2 heart sounds with modu-
lated noise to emulate aortic stenosis (AS), aor-
tic regurgitation (AR), and mitral regurgita-
tion (MR). Across eight architectures, we com-
pare real-only training, synthetic-only, and syn-
thetic pretraining followed by real fine-tuning
(Syn→Real). Syn→Real consistently improves
AUROC with average gains of +15.3% (AS),
+17.0% (AR), +17.1% (MR) on BMD-HS,
and +7.1%, +8.8%, +6.1% on a private co-
hort (8, 564 recordings). Furthermore, we show
Syn→Real is competitive with pretraining on
out-of-domain real data, and combining it with
multi-stage real fine-tuning yields the best over-
all performance, highlighting the complemen-
tary value of synthetic and real PCGs. While
synthetic-only training generalizes poorly, pre-
training on function-generated PCGs consis-
tently improves PCG classification over training
from scratch, offering a practical path to miti-
gate data-collection burdens and potentially re-
duce privacy and ethical exposure.

Keywords: Synthetic medical data, Phono-
cardiogram (PCG) analysis, Deep neural net-
works (DNNs), Cardiac disease classification

Data and Code Availability In this study, we
use the BMD-HS dataset (Ali et al., 2024)1 and a con-
fidential private dataset. Code is available through
our GitHub repository2.

1. https://github.com/sani002/BMD-HS-Dataset
2. https://github.com/seitalab/SynPCG

Institutional Review Board (IRB) This study
involved human subjects, and we received approval
from RIKEN Institutional Review Board (ID: Y2023-
048).

1. Introduction

Training robust Deep Neural Network (DNN) mod-
els in the medical domain often requires large-scale
datasets, a critical barrier when addressing rare or
complex pathologies. This limitation is particularly
evident in phonocardiogram (PCG) analysis—the
computational analysis of heart sound recordings for
cardiac abnormality detection. The primary chal-
lenge in PCG-based diagnosis lies in the difficulty
of acquiring sufficient pathological heart sound data,
such as those associated with aortic regurgitation
(AR), aortic stenosis (AS), and mitral regurgitation
(MR). This data scarcity problem is further com-
pounded by several factors: varying recording envi-
ronments that introduce inconsistencies in data qual-
ity, privacy regulations governing patient data that
restrict data sharing and collection, and challenges
in curating datasets that accurately represent diverse
clinical scenarios. These factors collectively highlight
the need for developing methodologies that reduce re-
liance on large real-world datasets while maintaining
diagnostic reliability.

Synthetic data has emerged as a powerful tool to
address data scarcity across domains. In computer vi-
sion, frameworks like SYNAuG (Ye-Bin et al., 2023)
mitigate class imbalance by augmenting datasets
with synthetic samples before fine-tuning on real
data. Similarly, domain-randomized synthetic scenes
(Tremblay et al., 2018) and biomechanical human
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models (Varol et al., 2017) have proven effective for
tasks requiring generalization. These successes hinge
on synthesizing data that captures essential domain
characteristics—a principle equally critical for medi-
cal applications.

Recent work demonstrates synthetic data’s poten-
tial in biomedical signal analysis. For electrocardio-
grams (ECGs), pretraining on domain-informed syn-
thetic signals followed by real-data fine-tuning has
achieved 33% accuracy gains in classifying rare ar-
rhythmias (Nonaka and Seita, 2024a). However, par-
allel advances in PCG analysis remain lacking. While
early PCG synthesis used simplified mathematical
models (Almasi et al., 2011) and recent GAN-based
approaches (Narváez and Percybrooks, 2020) gener-
ate normal heart sounds, they fail to capture the
acoustic complexity of pathological murmurs. This
gap persists despite the clinical urgency to detect
valvular disorders—prevalent conditions that remain
underdiagnosed due to data scarcity.

Our work bridges this gap by establishing a
synthetic-to-real paradigm for PCG-based detection
of aortic and mitral valve pathologies. Drawing on
medical expertise, we combine several simple func-
tions to emulate the charateristics of a normal state
and AS, AR and MR state PCGs. We systemati-
cally evaluate eight DNN architectures, demonstrat-
ing that synthetic pretraining followed by real-data
fine-tuning improves classification accuracy by up to
17.1% compared to real-data-only training. By ex-
tending synthetic data principles from ECG (Nonaka
and Seita, 2024a) and computer vision (Ye-Bin et al.,
2023) to cardiac acoustics, we show that pretraining
using synthesized data improves PCG classification
where large real PCG corpora are scarce, reducing
dependence on costly data collection and potentially
mitigating privacy and ethical risks, while respecting
the anatomical and acoustic specificity of ausculta-
tion.

2. Related Work

Recent advances in synthetic data have demonstrated
its value in training DNNs across domains. In
computer vision, fractal-generated images (Kataoka
et al. (2022, 2020)) and domain-randomized scenes
(Tremblay et al. (2018)) reduce reliance on real-
world datasets. Synthetic human models like SMPL
(Varol et al. (2017)) enable scalable pose estimation,
while frameworks like SYNAuG (Ye-Bin et al. (2023))
address class imbalance by augmenting imbalanced

datasets with synthetic data followed by real-data
fine-tuning. These efforts highlight synthetic data’s
dual role in mitigating scarcity and imbalance.

In medical applications, synthetic data has ad-
vanced imaging and biosignal analysis. GANs aug-
ment chest X-rays (Salehinejad et al. (2018)), syn-
thesize skin lesions (Ghorbani et al. (2020)), and
generate tumors for segmentation (Hu et al. (2023)).
For electrocardiograms (ECGs), recent work demon-
strates synthetic data’s utility: Nonaka and Seita
(2024a) pretrain models on synthetic abnormal ECG
signals (e.g., AF, WPW), achieving 33% classification
gains after fine-tuning on limited real data. Nonaka
and Seita (2024b) further show that self-supervised
pretraining with domain-informed synthetic ECGs
(e.g., Gaussian curve-based waveforms) matches real-
data pretraining for Transformers. Synthetic elec-
tronic health records (Biswal et al. (2021); Naseer
et al. (2023)) also address privacy concerns. How-
ever, phonocardiogram (PCG) synthesis—critical for
cardiac diagnostics—remains underexplored, partic-
ularly for abnormal murmurs.

Early PCG synthesis relied on mathematical mod-
els like ODE-based systems (Almasi et al. (2011);
Kapen et al. (2020)), which capture normal signals
but lack pathological complexity. Data-driven ap-
proaches now dominate: GANs with wavelet trans-
forms (Narváez and Percybrooks (2020)) and adver-
sarial biosignal models (Dissanayake et al. (2022))
synthesize normal PCGs but neglect abnormal cases.
Scaling efforts like WaveNet-based PCG synthesis
(Jamshidi et al. (2024)) and denoising frameworks
(González-Rodŕıguez et al. (2023)) focus on fidelity
or preprocessing, not pathological classification. In
parallel, the literature includes parametric murmur
synthesis (Debiais et al. (1997)) and hemoacoustic
simulations of valvular lesions (e.g., aortic stenosis;
Zhu et al. (2019)), which can achieve high acoustic fi-
delity. Nevertheless, open and reproducible pipelines
tailored for large-scale, disease-labeled PCG training
remain limited, and comparable evaluations are hin-
dered by heterogeneous implementations and labeling
conventions. Thus, scalable, pathology-aware synthe-
sis strategies for PCG are still underdeveloped.

Our work addresses this gap by evaluating medi-
cally informed synthetic PCG signals for DNN-based
classification of aortic and mitral valve pathologies.
Building on successes in ECG synthesis (Nonaka
and Seita (2024a,b)) and conceptually aligned with
imbalance-correction frameworks such as SYNAuG
(Ye-Bin et al. (2023)), we show that synthetic
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pretraining followed by real-data fine-tuning im-
proves accuracy in data-scarce settings across mul-
tiple model families. This establishes synthetic-to-
real pretraining as an effective approach for abnormal
PCG pathologies, while remaining compatible with
alternative synthesizers as they become available.

3. Method: Function Generated PCG

The PCG exhibits foundational attributes that are
widely recognized, establishing it as a robust basis for
synthesizing cardiac acoustic data in biomedical re-
search. These attributes are characterized by distinct
acoustic waveforms generated by mechanical heart
activity, marked by primary sound components la-
beled as S1, S2, S3, and S4. The most prominent
features include the “lub-dub” sounds (S1 and S2),
which correspond to the closure of the atrioventric-
ular and semilunar valves, respectively. This struc-
tured acoustic profile, often accompanied by murmurs
or additional sounds in pathological conditions, en-
ables the synthesis of PCG signals with high fidelity.
The standard heart rate range aligns with that of
ECG, typically 50 to 80 beats per minute.

Signal Model for S1/S2. Motivated by the phys-
iology of valve closure followed by damped tis-
sue–blood vibrations, we model each heart sound (S1,
S2) as a short oscillatory burst constructed by multi-
plying a sinusoidal carrier with an asymmetric (split)
Gaussian envelope. For S ∈ {S1, S2} and τ = t−µS ,
we synthesize

xS(t) = AS gasym
(
τ ; σrise, σdecay

)
sin
(
2πfSt + ϕS

)
,

with a peak–normalized envelope

gasym(τ ;σrise, σdecay) =

{
exp
(
− 1

2 (τ/σrise)
2
)
, τ < 0,

exp
(
− 1

2 (τ/σdecay)2
)
, τ ≥ 0.

Here AS is an amplitude scale, µS the onset/peak
time, fS the carrier frequency and ϕS the phase.
The asymmetry (σrise < σdecay) captures the faster
attack and slower decay observed clinically; the
split-Gaussian affords smoothness and closed-form
spectral behavior, while the sinusoidal carrier con-
centrates energy in physiologically plausible bands.

3.1. Synthesis of Normal State PCG

PCGs were synthesized at a sampling rate of 8 kHz
over 10-second intervals to match the technical spec-
ifications of the BMD-HS dataset (Ali et al., 2024).

Algorithm 1: PCG Synthesize by Superimpos-
ing Asymmetric Peaks and Noise

Input: target length
Output: pcg: Synthesized PCG signal

pcg ← [];
pcg params← GenerateParams();
while length(pcg) < target length do

beat← GenerateBeat(pcg params);
pcg ← pcg + beat;
pcg params←
PerturbParams(pcg params);

end
if length(pcg) > target length then

pcg ← Trim(pcg, target length);
end
return pcg;

Synthesis proceeded cycle by cycle. Within each car-
diac cycle, one S1 burst and one S2 burst were gen-
erated independently using the signal model above
(component-specific µS , fS , σrise, σdecay, AS , ϕS) and
then superimposed in the time domain. An overview
of the synthesis pipeline is provided in Algorithm 1.
We iteratively generated cardiac cycles until the to-
tal duration exceeded 80,000 samples (10 seconds at
8 kHz). Excess samples were truncated to maintain
consistent length, after which ambient noise (e.g., res-
piratory artifacts, skin friction) were added to emu-
late real-world recording conditions. Full algorithmic
details are provided in Appendix A, and a represen-
tative synthesized PCG, including pathological mur-
murs and physiological variability, is shown in Ap-
pendix B.

3.2. Synthesis of Pathological State PCG

To generate pathological PCGs, we extend Algo-
rithm 1 by integrating clinical knowledge of valvular
heart disease. We target three abnormalities: aortic
stenosis (AS), aortic regurgitation (AR), and mitral
regurgitation (MR). These conditions exhibit distinct
acoustic signatures in PCG recordings, characterized
by differences in murmur timing, intensity envelope,
and spectral composition. All synthesized PCGs were
generated at 8 kHz over 10-second intervals to align
with the normal-state synthesis.

Pathologic murmurs were modeled as band-limited
noise segments whose amplitude is shaped by
task-specific envelopes and temporally anchored to
the cardiac cycle (relative to S1/S2). This con-
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struction preserves consistency with the S1/S2 burst
model above while reproducing known timing pat-
terns.

Aortic stenosis (AS). AS is characterized by nar-
rowing of the aortic valve opening, restricting blood
ejection from the left ventricle to the aorta. The con-
dition develops due to thickening and calcification of
valve leaflets (aging, inflammation, or congenital ab-
normalities), reducing valve mobility. On ausculta-
tion, AS presents as an ejection murmur that peaks
in early to mid-systole between S1 and S2.3 We syn-
thesize this by modulating white noise with an asym-
metric bell-shaped envelope (crescendo–decrescendo
across systole) and then applying a moving-average
filter to obtain mid- to high-frequency content that
closely matches the physiological AS murmur.

Aortic regurgitation (AR) / Mitral regurgi-
tation (MR). AR and MR result from incom-
plete aortic and mitral valve closure during diastole
and systole, respectively. AR manifests as a high-
frequency diastolic decrescendo murmur following S2,
while MR presents as a holosystolic murmur with uni-
form intensity from S1. Both are synthesized as band-
limited noise: AR uses asymmetric bell curve modu-
lation for the decrescendo pattern, whereas MR em-
ploys sustained amplitude for the quasi-steady mur-
mur. Moving average filters smooth both signals to
reproduce their characteristic high-frequency content
(details in Appendix A).

4. Real-world PCG Data

This study compares the classification performance
of DNN models trained using synthesized data with
those trained solely on real-world data, in order to
validate the efficacy of synthesized data in PCG
classification. We evaluated the classification per-
formance with two datasets, one publicly available
BMD-HS dataset and one private dataset.

4.1. BMD-HS

The BMD-HS dataset (Ali et al., 2024) is a compre-
hensive collection of 864 heart sound recordings cat-
egorized into five common disease classes, designed
for developing advanced machine learning models for
automated heart sound classification and diagnosis.

3. An example of synthesized AS PCG and real-world AS
PCG are shown in Figure 5 in Appendix B.

Unique to BMD-HS is its multi-label annotation sys-
tem, capturing a diverse range of co-existing dis-
eases and unique disease states, addressing a limi-
tation in existing datasets that often lack compre-
hensive information on heart sound evaluations and
disease categorizations. All recordings are of uniform
duration, collected using the same stethoscope and
standardized recording positions to minimize bias.
Critically, diagnoses are confirmed via echocardio-
grams, enhancing the dataset’s reliability. The BMD-
HS dataset aims to improve cardiovascular disease
diagnosis and management by providing a robust
and clinically-sourced resource for cardiac health re-
search.

4.2. Private PCG Dataset

The dataset comprises heart sound recordings col-
lected from seven medical facilities in Japan, designed
to support the development of machine learning mod-
els for automated detection of valvular heart dis-
eases. Each case includes four recordings captured
from standardized anatomical positions, yielding a
total of 8, 564 recordings derived from 2, 156 unique
cases. The dataset is annotated with multi-label
classifications for AS, AR, and MR, with all diag-
noses validated via echocardiograms to ensure clin-
ical accuracy. By adhering to consistent recording
protocols—including uniform equipment use and pre-
defined anatomical positions—the dataset minimizes
bias and variability, enhancing its reliability for re-
search. This structured approach not only captures
coexisting valvular pathologies but also provides a ro-
bust, clinically grounded resource to advance cardiac
health research, particularly in correlating acoustic
patterns with specific cardiovascular conditions. Fur-
ther details are in Appendix C.

5. Experiment

To evaluate the effectiveness of training with syn-
thesized PCG data, we formulated the problem as
three independent binary classification tasks (Normal
vs. AS, Normal vs. AR, and Normal vs. MR) and
conducted a comparative analysis of abnormal PCG
classification models across three types of abnormal-
ities, comparing three training scenarios: (1) using
only real-world data (“Real”), (2) using only syn-
thesized data (“Syn”), and (3) fine-tuning a model
pre-trained on synthesized data with real-world data
(“Syn→Real”). Furthermore, to evaluate the qual-
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ity of the synthesized PCGs, we conducted human
evaluation.

5.1. Model Architectures

We conducted our experiments with various cate-
gories of DNN architectures, including CNN-based
architectures, RNN-based architectures, and Trans-
former and its variants. Regarding CNN-based
architectures, we examined ResNet18, ResNet34,
ResNet50 (He et al., 2016), EfficientNet-B0, and
EfficientNet-B1 (Tan and Le, 2019).4 In addition
to CNN-based architectures, we incorporated RNN-
based architectures, including LSTM (Hochreiter and
Schmidhuber, 1997) and GRU (Chung et al., 2014).
Furthermore, we evaluated Transformer (Vaswani
et al., 2017)5 for their effective performance in han-
dling long sequence tasks.

5.2. Data Split

In this study, we maintained consistent data splits for
the preliminary experiments and main experiment.
All splits were performed at the patient level (patient-
wise; group-stratified), ensuring that all recordings
from each patient remained in a single partition. The
splits for the real-world datasets used in the main ex-
periments were prepared as follows. First, patients
were divided into a train/validation set and a test
set at an 8:2 ratio. Subsequently, the patients in the
train/validation set were divided into a train set and
a validation set at an 8:2 ratio, repeated six times
to obtain six train/validation pairs. Out of these six
pairs, one was used for hyperparameter tuning in ab-
normal PCG classification, while the remaining five
were employed for training abnormal PCG classifica-
tion models with the determined hyperparameters.6

5.3. Preliminary Experiments

We conducted four preliminary experments to deter-
mine the conditions for the abnormal PCG classi-
fication experiment. We first determined the opti-
mal learning rate, then tuned the data-augmentation
hyperparameters, selected the embedding mod-
ule via experiments, and finally optimized the

4. We convert 2D convolutional and pooling layers to its 1D
counterparts following (Nonaka and Seita, 2021).

5. We compare both causal and non-causal attention. De-
tailed in Appendix H.

6. Details of a data split for the preliminary experiment and
pretraining are in Appendix D.

network-architecture hyperparameters (e.g., depth
and number of heads). We used a single train and
validation set pair from BMD-HS dataset for a pre-
liminary experiment, and all the evaluation during
preliminary experiment was conducted using valida-
tion set to avoid leakage from test set. Further details
of the preliminary experiments are in Appendix D.

5.4. Classification of Abnormal PCGs

For each of the three binary classification tasks (Nor-
mal vs. AS, Normal vs. AR, and Normal vs. MR),
we compared the three training scenarios as follows.
Across all settings, we conducted five independent
training runs using five distinct training/validation
splits and evaluated each resulting model on a com-
mon real-world test set. AUROC served as the
primary metric, with AUPRC, F1-score, sensitivity,
specificity, PPV, and NPV additionally reported. For
threshold-based metrics, a fixed decision threshold of
0.5 was used, and all reported values represent the
mean across the five runs.

In the “Real” setting, to mitigate class imbalance,
we assigned the positive class a sample weight equal
to the negative-to-positive class ratio (Nneg/Npos)
computed on the training set. In the “Syn” set-
ting, models were trained on 10, 000 synthetic sam-
ples (5, 000 positive and 5, 000 negative) using the
same hyperparameters as in the “Real” setting. In
the “Syn→Real” setting, we initialized from the mod-
els trained under the “Syn” setting and fine-tuned
them on the corresponding real-world training data,
applying the same positive class reweighting as in the
“Real” setting.

To assess transfer across datasets, we further con-
sidered two sequential protocols using the pair of real
datasets, BMD-HS (A) and Private (B). (i) “Real →
Real”: pre-train on A and fine-tune on B (and vice
versa), and evaluate on the target (D2) test set. (ii)
“Syn → Real → Real”: pre-train on 10,000 synthetic
samples as above, then fine-tune on A and subse-
quently on B (and the reverse), evaluating on the
final target. At each real-data stage, we reused the
hyperparameters of the “Real” setting and applied
positive-class reweighting computed on the current
target training split. All protocols followed the same
five-run procedure and common real-world test set
described above; we report the mean across runs.

As for preprocessing, we applied scaling by sub-
tracting the mean value from each sample and divid-
ing by the standard deviation. As for data augmen-
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Table 1: Sample size of each dataset.

Class
Real-world

Synthesized
BMD-HS Private

Train Val. Test Train Val. Test Train Val.

Normal 160 40 56 4, 483 1, 159 1, 420 5, 000 1, 000
AS 216 32 48 270 92 85 5, 000 1, 000
AR 244 56 64 297 98 107 5, 000 1, 000
MR 200 40 64 440 132 148 5, 000 1, 000

Total * 568 120 176 5, 459 1, 393 1, 712 20, 000 4, 000

* Due to the existence of samples with multiple diseases, the total number of
samples is not equal to the simple sum of Normal, AR, AS, and MR cases.

tation, we applied random shifting, random masking,
random flip, random scaling, random signal stretch-
ing and breathing sound addition with parameters re-
lated to each processing determined through hyper-
parameter search. The batch size was set to 5127,
and the maximum number of epochs was set to 500,
with validation conducted every five epochs. Early
stopping was applied if the validation loss did not im-
prove for five consecutive evaluations. We used Adam
(Kingma and Ba, 2014) as the optimizer with the
learning rate determined by hyper-parameter search.
Regarding the loss function, we used binary cross en-
tropy loss.

5.5. Synthetic Data Quality Evaluation

To comprehensively assess the quality of synthesized
PCG signals, we conducted three complementary ex-
periments. First, we performed a blind test with
three medical professionals experienced in clinical
heart sound analysis to evaluate perceptual quality
and realism.8 Second, we conducted a waveform
feature-based similarity assessment between the syn-
thetic and real-world datasets to quantify acoustic
characteristics.9 Third, we performed zero-shot clas-
sification experiments, where models trained exclu-
sively on synthetic data were evaluated on real-world
data, and vice versa, to assess cross-domain general-
ization performance.10 Through these multifaceted
experiments, we established a comprehensive qual-

7. Batch sizes were set to 256 (ResNet50) and 128
(EfficientNet-B0/B1) due to GPU memory constraints.

8. None of the these experts are authors on this paper.
9. Details are shown in Appendix J.

10. Details are shown in Appendix K.

ity evaluation framework for synthetic data based on
their similarity to real-world PCG signals.

The blind test focused on four cardiac conditions:
Normal, aortic stenosis (AS), aortic regurgitation
(AR), and mitral regurgitation (MR). For each condi-
tion, 15 real-world samples from the BMD-HS dataset
and 15 synthetic samples were randomly selected. All
recordings exceeding 10 seconds were truncated to 10-
second segments via random cropping for standard-
ization. Participants performed two assessments: (1)
distinguishing whether each sample was real or syn-
thetic (binary classification) and (2) rating the per-
ceived naturalness on a 5-point Likert scale. The in-
clusion of domain experts and balanced sample pair-
ing ensured clinically grounded evaluation of synthe-
sized PCG signal perceptual quality.

6. Result

In this section, we present a obtained experimental
results for abnormal PCG classification experiments.
We first present result for abnormal PCG classifica-
tion with three different training data setting, namely
“Real”, “Syn” and “Syn → Real”, for three abnor-
mal PCG classes respectively. We then report cross-
dataset sequential fine-tuning and, finally, assess the
quality of the synthetic data.

6.1. Classification of Abnormal PCG

6.1.1. BMD-HS

On BMD-HS (Figure 1), synthetic pretraining con-
sistently improves AUROC over training on real data
alone. For AS, the best “Real” model (ResNet50)
reaches 0.7730, whereas the best “Syn→Real” model
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(a) AS

(b) AR

(c) MR

Figure 1: AUROC comparison of models trained on real data (“Real”) and those pre-trained on synthetic
data before fine-tuning on real data (“Syn → Real”) for AS, AR, and MR with BMD-HS dataset.
Synthetic pretraining led to average improvements of 15.32% in AS, 16.96% in AR, and 17.10% in
MR, showing its effectiveness in enhancing model performance. Error bars represent SEM (n=5).

(EfficientNet-B0) attains 0.8380 (∆= + 0.0650); the
mean relative gain across eight architectures is
+15.32%. For AR, the best “Real” model (ResNet50)
records 0.7393, while “Syn→Real” with ResNet34
yields 0.8105 (∆= + 0.0712); the mean relative
gain is +16.96%. For MR, although the best
“Syn→Real” (EfficientNet-B0, 0.7388) is comparable
to the best “Real” (GRU, 0.7405; ∆≈− 0.0017), the
average across eight architectures still improves by
+17.10%.11

6.1.2. Private PCG Dataset

On the private dataset (Figure 2), synthetic pretrain-
ing also improves AUROC over real-only training,
with mean relative gains of 7.11% (AS), 8.75% (AR),

11. Details are in Appendix F (Table 10–Table 30).

and 6.08% averaged over eight architectures and n=5
runs. For AS, the best “Real” model (GRU) attains
AUROC 0.8357, whereas the best “Syn→Real” model
(GRU) reaches 0.8917 ( +0.0560 absolute). For AR,
performance increases from 0.5978 (GRU, “Real”) to
0.6598 (GRU, “Syn→Real”; +0.0620). For MR, the
best score rises from 0.6110 (ResNet50, “Real”) to
0.6835 (EfficientNet-B0, “Syn→Real”; +0.0725).12

6.1.3. Cross-dataset sequential fine-tuning

We further evaluate cross-dataset transfer via
sequential fine-tuning: Table 2 summarizes
mean AUROC.13 In all six dataset–target pairs,

12. Details are in Appendix F (Table 31–Table 51).
13. Detailed tables are in the Appendix G.
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(a) AS

(b) AR

(c) MR

Figure 2: AUROC comparison of models trained on real data (“Real”) and those pre-trained on synthetic
data before fine-tuning on real data (“Syn→ Real”) for AS, AR, and MR with the private dataset.
Synthetic pretraining led to average improvements of 7.11% in AS, 8.75% in AR, and 6.08% in
MR, showing its effectiveness in enhancing model performance. Error bars represent SEM (n=5).

“Syn→Real→Real” achieves the best mean AUROC,
surpassing “Real→Real” and the “Real” baseline.

6.2. Synthetic Data Quality Evaluation

The comprehensive evaluation revealed that our syn-
thetic PCG signals capture perceptually salient fea-
tures while exhibiting quantitative characteristics
within real-world variability, though with limitations
in cross-dataset transferability. Human discrim-
ination experiments revealed that auditory-only
evaluation resulted in misclassifications (as shown
in Figure 3), though misidentification rates de-
creased under visualization conditions (detailed in
Appendix I). Evaluators achieved high accuracy for
normal heart sounds but found pathological condi-
tions more challenging. When relying solely on au-

ditory perception, experts classified samples as real
based on respiratory sounds and as synthetic based
on rhythm irregularities between S1 and S2. The
quantitative analysis (presented in Appendix J)
demonstrated that the distance between the two real
datasets was consistently larger than the distances
between synthetic and real data across all five met-
rics, indicating that synthetic data falls within the
natural variation observed between real-world PCG
datasets. However, zero-shot cross-dataset eval-
uation revealed limited performance, with AUROC
values of 0.50–0.51 across most conditions, except
for AS classification on the private dataset (TSTR
AUROC= 0.60), suggesting limited preservation of
disease-specific discriminative features for zero-shot
transfer (detailed in Appendix K). These findings
collectively indicate that while our synthetic PCG
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Table 2: Mean AUROC for each setting.

Dataset Target Real Syn Syn→Real Real→Real Syn→Real→Real

BMD-HS
AS 0.6934 0.5096 0.7891 0.8165 0.8241
AR 0.6336 0.4983 0.7336 0.7415 0.7852
MR 0.6068 0.5267 0.6896 0.6472 0.7116

Private
AS 0.7322 0.6008 0.8260 0.8020 0.8288
AR 0.5666 0.5180 0.6166 0.5834 0.6225
MR 0.5818 0.5173 0.6162 0.5845 0.6252

(a) Normal (b) AS (c) AR (d) MR

Figure 3: Results of human evaluation for each PCG class.

signals preserve perceptually prominent features de-
tectable by human experts and maintain quantitative
characteristics within real-world variability ranges,
they do not yet achieve sufficient quality for robust
zero-shot cross-dataset transfer.

7. Discussion and Conclusion

Our experimental results demonstrate that pretrain-
ing with synthetic heart sound data contributed to
improved classification performance on real-world
data. Across eight architectures, mean relative AU-
ROC gains are 15.32% (AS), 16.96% (AR), and
17.10% (MR) on BMD-HS (Figure 1), and 7.11%
(AS), 8.75% (AR), and 6.08% (MR) on the private
dataset (Figure 2). In our cross-dataset evaluation,
synthetic pretraining is competitive with pretrain-
ing on real data from another source, and combining
it with multi-stage real fine-tuning yields the best
performance (Table 2), showing the complementary
value of synthetic and real data in our framework.
This effectiveness stems from synthetic data, gen-
erated with medical expertise to embed characteris-
tic acoustic patterns, providing a better initialization
than random.

In practice, this is especially valuable for PCG,
where large, labeled real-world datasets are scarce.

Pretraining on synthetic data mitigates the burden
of extensive data collection and reduces privacy and
ethical risks associated with patient data acquisition
and sharing. Used as an intermediate learning step,
it enables more efficient model development with less
dependence on massive real-world datasets. However,
models trained solely on synthetic data performed
well in synthetic-domain evaluations but generalized
poorly to real-world classification,14 indicating that
synthetic data serves best as a pretraining resource,
while fine-tuning on real data remains essential for
optimal performance in practical applications.

Limitations This study has three main limita-
tions: (i) designing and scaling abnormal-PCG syn-
thesis algorithms is labor-intensive; (ii) the relation-
ship between synthetic-PCG fidelity and downstream
performance is not well characterized; and (iii) we
did not evaluate joint training on mixed synthetic
and real data, so its benefits or pitfalls remain un-
known. These factors currently constrain scalability
and practical applicability.

14. See Appendix E for synthetic-only training evaluated on
synthetic data, and Appendix K (TSTR/TRTS) for eval-
uations on real data.
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Appendix A. Details of the PCG
Synthesis Algorithm

This section delineates the algorithm employed for
PCG data synthesis. We first present a comprehen-
sive description of the algorithm, followed by an ex-
position of the parameters utilized in the synthesis
process. Finally, we provide additional exemplars of
the synthesized PCG data to illustrate the efficacy of
our approach.

A.1. Design Rationale and Modeling Choices

This subsection explains the modeling choices under-
lying the synthesis algorithm.

Envelope choice: asymmetric (split) Gaussian.
S1/S2 are brief transients produced by rapid valve
closure followed by damped tissue–blood vibrations.
They exhibit an asymmetric time course—rapid onset
and slower decay. A split (asymmetric) Gaussian

gasym(τ ;σrise, σdecay) =


exp

(
− τ2

2σ2
rise

)
, τ < 0,

exp

(
− τ2

2σ2
decay

)
, τ ≥ 0,

where σrise < σdecay, captures this asymmetry with
two interpretable time scales. The envelope is smooth
with a matched value and slope at the peak (C1 con-
tinuity), which reduces artificial high-frequency con-
tent and makes subsequent filtering/resampling sta-
ble.

Sinusoidal modulation for oscillatory bursts.
Valve–tissue–blood dynamics behave as a lightly
damped resonator, concentrating energy in charac-
teristic bands. Multiplying gasym by sin(2πfst + ϕs)
yields an oscillatory burst whose center fs directly
controls the spectral location of S1/S2 energy. Ad-
ditional weak carriers can be superposed to emulate
subtle multi-band structure without altering the en-
velope.

Cycle-anchored construction. Generating one
S1 and one S2 burst per cycle and superposing
them affords explicit control over heart rate, S1–S2
and S2–next-S1 intervals, and within-cycle variabil-
ity. This anchoring is essential for placing murmurs
(e.g., AS in systole; AR in early diastole; MR from
S1 to S2) with correct timing relative to S1/S2.

Murmur modeling as amplitude-shaped,
band-limited noise. Regurgitant or stenotic jets
are turbulent and therefore noise-like. We synthesize
murmurs by shaping white noise with lesion-specific
amplitude envelopes and short time-domain smooth-
ing (moving-average/FIR) to emphasize the clinically
relevant band. This provides compact control over
timing (window placement), intensity (envelope
peak), and shape (crescendo/decrescendo/plateau)
with few parameters.

A.2. Details of the Algorithm

Algorithm 2: Generate PCG for a Single Heart-
beat

Input: beat params
Output: pseudo pcg: Synthesized PCG signal

pseudo pcg ← Zeros(beat duration)
/* Generate S1 Component */

i wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, i wave, beat params)

/* Generate S2 Component */

ii wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, ii wave, beat params)

/* Add noise and fluctuation */

pseudo pcg ←
AddBaselineF luctuations(pseudo pcg)

pseudo pcg ← AddWhiteNoise(pseudo pcg)
return pseudo pcg

The outline of algorithm for synthesizing PCG sig-
nals corresponding to a single cardiac cycle is shown
in Algorithm 2. PCG synthesis is achieved through a
sequential process that generates both primary heart
sounds: S1 (first heart sound) and S2 (second heart
sound). The algorithm initializes by creating a zero-
filled array of predetermined beat duration. Subse-
quently, it employs an asymmetric peak generation
function to synthesize the S1 component, which is
then concatenated with the primary signal array ac-
cording to specified beat parameters. An identical
process is utilized for the S2 component generation.
To enhance signal fidelity and better approximate
physiological recordings, the algorithm incorporates
two forms of signal modification: baseline fluctua-
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tions, which account for low-frequency physiological
variations, and white noise addition, which simulates
inherent recording artifacts and sensor noise. The
algorithm accepts beat-specific parameters as input
and outputs a complete synthetic PCG signal that
exhibits characteristics consistent with physiological
heart sounds.

Algorithm 3: GetAsymmetricPeak

Input: peak freq, peak height,
peak duration, neg side ratio

Output: wave: Synthesized asymmetric peak
wave

/* Generate base sine wave */

sine wave← GenSineWave(peak freq)
/* Generate asymmetric bell curve */

y ←
AsymmetricBell(peak duration, neg side ratio)

/* Shift wave to align peak */

wave←
ShiftWave(wave, shift len, shift direction)
/* Normalize to peak height */

wave← NormalizeHeight(wave)
return wave

Building upon the primary PCG synthesis frame-
work, the asymmetric peak generation algorithm,
shown in Algorithm 3, provides a detailed method-
ology for synthesizing the individual S1 and S2 com-
ponents through a multi-step signal processing ap-
proach. Initially, the algorithm generates a funda-
mental sine wave at a specified peak frequency, which
serves as the base carrier signal. This is followed by
the creation of an asymmetric bell curve envelope, pa-
rameterized by the peak duration and negative side
ratio, which modulates the amplitude characteristics
of the resulting waveform. The algorithm then per-
forms a temporal shift operation to achieve precise
peak alignment, ensuring proper temporal position-
ing of the sound component within the cardiac cycle.
Finally, the waveform undergoes amplitude normal-
ization to achieve the desired peak height, resulting
in a properly scaled asymmetric peak that accurately
represents the morphological characteristics of heart
sound components. This algorithmic approach ac-
cepts four critical parameters: peak frequency, peak
height, peak duration, and negative side ratio, en-
abling fine-tuned control over the generated wave-
form’s characteristics.

Algorithm 4: Generate Asymmetric Bell

Input: gen len, std pos, neg ratio
Output: asymmetric bell: Generated

asymmetric bell curve

/* Compute standard deviation for

negative side */

std neg ← std pos× neg ratio
/* Generate x values */

x← Linspace(−10, 10, gen len)
/* Compute scaling factors */

scaling pos← 1
std pos×

√
2π

scaling neg ← 1
std neg×

√
2π
× std neg

std pos

/* Compute asymmetric bell curve */

foreach xi ∈ x do
if xi ≥ 0 then

asymmetric bell[i]←
scaling pos× exp(−0.5× (xi/std pos)2)

else
asymmetric bell[i]←
scaling neg × exp(−0.5× (xi/std neg)2)

end

end
return asymmetric bell

Expanding on the asymmetric peak generation pro-
cess, the Generate Asymmetric Bell Curve algorithm,
shown in Algorithm 4, defines the shape of the ampli-
tude envelope used for S1 and S2 synthesis. The algo-
rithm constructs an asymmetric Gaussian-like curve
by separately defining the standard deviation for its
positive and negative sides. It first calculates the
negative-side standard deviation as a scaled version
of the positive-side standard deviation, controlled by
the negative side ratio parameter. A set of linearly
spaced x-values is then generated over a predefined
range, ensuring adequate resolution for waveform
synthesis. The algorithm computes separate scaling
factors for the positive and negative regions to nor-
malize the probability density function, maintaining
amplitude continuity. For each x-value, it evaluates
a Gaussian function with the respective standard de-
viation, producing an asymmetric bell-shaped curve
that serves as the amplitude envelope. This approach
enables flexible shaping of the temporal structure of
heart sounds, facilitating realistic PCG synthesis that
accurately captures the physiological variations ob-
served in cardiac auscultation.
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A.3. Algorithm for Synthesis of Pathological
State PCG

A.3.1. AS State PCG

Algorithm 5: Generate AS state PCG for a Sin-
gle Heartbeat

Input: beat params
Output: pseudo pcg: Synthesized AS state

PCG signal

pseudo pcg ← Zeros(beat duration)
/* Generate S1 Component */

i wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, i wave, beat params)

/* Generate S2 Component */

ii wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, ii wave, beat params)

/* Generate AS noise Component */

as noise← GenerateASnoise(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, as noise)

/* Add noise and fluctuation */

pseudo pcg ←
AddBaselineF luctuations(pseudo pcg)
pseudo pcg ← AddWhiteNoise(pseudo pcg)
return pseudo pcg

Details of the algorithm to synthesize AS state
PCG is shown in Algorithm 5 and Algorithm 6.
The overall procedure is the same as the synthesis
of normal state PCG with Algorithm 1, but with
Algorithm 5 instead of Algorithm 2. Algorithm 5,
which generates AS state PCG for a single heart-
beat, initializes an empty signal and sequentially con-
structs the key components of the PCG: the first
heart sound (S1), the second heart sound (S2), and
the AS-associated noise. The heart sounds (S1 and
S2) are synthesized using an asymmetric peak func-
tion (Algorithm 3) and appended to the signal. The
AS noise component is generated separately using
the GenerateASnoise function (Algorithm 6), which
creates a bell-shaped noise waveform modulated by
white noise and scaled based on given amplitude pa-
rameters. The noise is then smoothed with Algo-
rithm 7 and optionally shifted in time according to
the defined parameters. After assembling these com-

Algorithm 6: GenerateASnoise

Input: beat params
Output: noise: AS noise

wn noise←
WhiteNoise(beat params.beat duration)
/* Scale white noise with given

parameter */

max wn amp← beat params.max wn amp
min wn amp← beat params.min wn amp
scaled wn noise←
wn noise ∗ (max wn amp−min wn amp)

/* Bell curved noise */

bell curve←
GetAsymmetricPeak(beat params)

as noise←
scaled wn noise× (bell + min wn amp)
/* Smooth noise */

as smoothing size← beat params.as smooth
as noise←
NoiseSmoothing(as noise, as smoothing size)

/* Shift AS noise */

shift len← beat params.shift len
direction← beat params.shift direction
as noise←
ShiftWave(as noise, shift len, direction)

return as noise
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Algorithm 7: NoiseSmoothing

Input: noise seg, window width
Output: smoothed noise: Smoothed noise

segment

/* Compute moving average */

kernel← Ones(window width)/window width
smoothed noise← Convolve(noise seg, kernel)
return smoothed noise

ponents, the synthesized PCG undergoes additional
processing, including baseline fluctuations and white
noise addition, to enhance realism. The final result
is a pseudo PCG signal that simulates the acoustic
characteristics of a heartbeat with AS.

A.3.2. AR State PCG

Algorithm 8: AR state PCG synthesis

Input: target length
Output: pcg: Synthesized AR state PCG signal

pcg ← []; pcg params← GenerateParams();
while length(pcg) < target length do

beat← GenerateBeat(pcg params);
pcg ← pcg + beat;
/* Generate AR noise and add in

between S1 and S2 */

ar noise←
GenerateARnoise(pcg, pcg params);

pcg ← ConcatSound(pcg, ar noise)
pcg params←
PerturbParams(pcg params);

end
if length(pcg) > target length then

pcg ← Trim(pcg, target length);
end
return pcg;

Details of the algorithm to synthesize AR state
PCG are shown in Algorithm 8 and Algorithm 9.
The AR state PCG synthesis algorithm constructs a
continuous PCG signal by generating heartbeats it-
eratively until the target length is reached, similar to
Algorithm 1. The key difference is that Algorithm 8
inserts AR-specific noise between the previously con-
catenated S2 and the S1 of the newly generated beat.
This noise is generated by the Algorithm 9, which cre-
ates a bell-shaped noise envelope modulated by white

Algorithm 9: GenerateARnoise

Input: beat params
Output: noise: AR noise

wn noise←
WhiteNoise(beat params.beat duration)
/* Scale white noise with given

parameter */

max wn amp← beat params.max wn amp
min wn amp← beat params.min wn amp
scaled wn noise←
wn noise ∗ (max wn amp−min wn amp)

/* Bell curved noise */

bell curve←
GetAsymmetricPeak(beat params)

ar noise←
scaled wn noise× (bell + min wn amp)

/* Smooth noise */

ar smoothing size← beat params.ar smooth
ar noise←
NoiseSmoothing(ar noise, ar smoothing size)

return ar noise

noise. The noise amplitude is scaled based on prede-
fined minimum and maximum levels, simulating the
murmur associated with AR, similar to Algorithm 6.
The final PCG signal is trimmed to match the tar-
get duration before returning the synthesized output.
This structured approach ensures realistic simulation
of AR-related heart sound characteristics.

A.3.3. MR State PCG

Details of the algorithm to synthesize MR state PCG
are shown in Algorithm 10 and Algorithm 11. Sim-
ilar to the synthesis of an aortic stenosis (AS) state
PCG, the overall procedure (Algorithm 10) follows
the same framework as the synthesis of a normal
state PCG using Algorithm 1, but replaces Algo-
rithm 2 with Algorithm 10. To model the pathologi-
cal MR noise, a segment of white noise is generated
and scaled according to predefined amplitude con-
straints, as shown in Algorithm 10. This noise com-
ponent is then temporally aligned by shifting it to
begin after the S1 onset. Finally, the synthesized sig-
nal undergoes post-processing to introduce baseline
fluctuations and white noise, enhancing its realism.
This approach effectively captures the key acoustic
characteristics of MR pathology while maintaining
physiological plausibility.
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Algorithm 10: Generate MR state PCG for a
Single Heartbeat

Input: beat params
Output: pseudo pcg: Synthesized MR state

PCG signal

pseudo pcg ← Zeros(beat duration)
/* Generate S1 Component */

i wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, i wave, beat params)

/* Generate S2 Component */

ii wave← GetAsymmetricPeak(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg, ii wave, beat params)

/* Generate MR noise Component */

mr noise← GenerateMRnoise(beat params)
pseudo pcg ←
ConcatSound(pseudo pcg,mr noise)

/* Add noise and fluctuation */

pseudo pcg ←
AddBaselineF luctuations(pseudo pcg)
pseudo pcg ← AddWhiteNoise(pseudo pcg)
return pseudo pcg

Algorithm 11: GenerateMRnoise

Input: beat params
Output: noise: MR Noise

wn noise←
WhiteNoise(beat params.mr duration)
/* Scale white noise with given

parameter */

max wn amp← beat params.max wn amp
min wn amp← beat params.min wn amp
mr noise← wn noise ∗ (max wn amp−
min wn amp) + min wn amp

/* Smooth noise */

mr smoothing size← beat params.mr smooth
mr noise←
NoiseSmoothing(mr noise,mr smoothing size)

/* Shift start of MR noise */

shift len← beat params.S1 start
direction← positive
mr noise←
ShiftWave(mr noise, shift len, direction)

return mr noise

A.4. Parameters of the Algorithm

In this section, we show parameter settings used to
synthesize PCG data (shown in Table 3). For each
sample, initial values of peak parameters were ran-
domly selected by sampling from uniform distribution
or Gaussian distribution, as shown in Algorithm 12.
These base parameters are then further perturbed to
introduce controlled variations in the signal charac-
teristics, as shown in Algorithm 13. The perturba-
tion process applies noise to each parameter individ-
ually, following two possible schemes: For param-
eters requiring Gaussian noise, random values are
drawn from a normal distribution with a specified
standard deviation and added to the base value. For
parameters requiring uniform noise, random values
are sampled from a uniform distribution within spec-
ified minimum and maximum bounds and added to
the base value. This two-step randomization process
ensures both diversity in the initial parameter space
and fine-grained local variations around these base
values, contributing to the synthetic dataset’s rich-
ness and variability.
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Table 3: Parameters used for PCG synthesis.

Category Base value Per-sample perturbation Per-beat perturbation

S1

frequency 24.00 N (0, 2.5) N (0, 1.0)
duration 0.75 U(−0.25, 0.25) N (0, 0.05)
height 2.50 U(−0.50, 0.50) N (0, 0.025)
neg ratio 0.25 N (0, 0.05) N (0, 0.005)
shift 0.20 N (0, 0.05) N (0, 0.005)

S2

frequency 60.00 N (0, 5.0) N (0, 1.0)
duration 0.25 U(−0.10, 0.10) N (0, 0.025)
height 3.00 U(−0.50, 0.50) N (0, 0.05)
neg ratio 0.25 N (0, 0.05) N (0, 0.005)
shift 0.55 N (0, 0.075) N (0, 0.005)

Algorithm 12: GenerateParams

Input: None
Output: pcg param: Parameters for each

sample

pcg param← empty dictionary

foreach param name ∈ pcg parameters do
/* Get parameter config for parameter

*/

param config ←
pcg parameters[param name][per-sample]
/* Get base value for parameter */

param val← param config[“base values′′]

/* Sample noise from specified

distribution */

noise ∼
param config[“per-sample perturbation′′]

/* Apply noise to parameter value */

pcg param[param name]←
param val + noise

end

return pcg param

Algorithm 13: PerturbParams: Perturbing per
sample parameters

Input: per-sample params: A namespace
containing per sample parameters

Output: per-beat param: A namespace
containing perturbed parameters

per − beat param← empty dictionary

foreach
(param name, per-sample param val) ∈
per-sample params do
/* Get parameter config for parameter

*/

param config ←
pcg parameters[param name][per-beat]

/* Sample noise from specified

distribution and add to per sample

parameter */

noise ∼
param config[“per-beat perturbation′′]
perturbed param←
per-sample param val + noise;

perturbed param[key]← perturbed param

end

return perturbed param
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A.5. Parameter Selection Procedure

In determining the synthesis parameters for the PCG
synthesis algorithm presented in Table 3, we estab-
lished a systematic approach based on expert knowl-
edge and physiological considerations. The baseline
parameters were carefully determined through com-
prehensive feedback from medical experts, ensuring
clinical relevance and accuracy. When addressing the
variability of parameters, we deliberately designed
the algorithm to maintain larger inter-patient vari-
ations compared to beat-to-beat variations within
individual patients, which better reflects the natu-
ral physiological differences observed among different
subjects in clinical settings.

Appendix B. Visualization of PCG
Data

In this section, we present representative examples
of both real-world and synthesized PCG recordings
for the four diagnostic categories: Normal, Aortic
Stenosis (AS), Aortic Regurgitation (AR), and Mitral
Regurgitation (MR) (Figure 4, Figure 5, Figure 6,
Figure 7). Each condition is shown separately for
real and synthetic data to illustrate their morpho-
logical characteristics and facilitate visual compari-
son. These datasets, comprising real and synthetic
PCGs across the four categories, were subsequently
employed to conduct DNN training experiments re-
ported in the main text.

Appendix C. Details of the Private
Dataset

Table 4: Details of the private dataset demographics

Female Male Total

Size
881

(40.9%)
1, 275

(59.1%)
2, 156

(100.0%)

Age 70.4 69.2 69.7

AS
53

(6.0%)
61

(4.8%)
114

(5.3%)

AR
38

(4.3%)
90

(7.1%)
128

(5.9%)

MR
66

(7.5%)
116

(9.1%)
182

(8.4%)

Table 4 summarizes demographic and clinical char-
acteristics of a private dataset comprising 2, 156 par-
ticipants. The dataset exhibits a gender imbalance,
with 1, 275 males (59.1%) and 881 females (40.9%).
Participants’ mean age is 69.7 years, with females
slightly older (70.4) than males (69.2). Three clinical
conditions—AS, AR, and MR—are reported with fre-
quencies and prevalence rates. AS affects 114 partic-
ipants (5.3% overall), with higher female prevalence
(6.0% vs. 4.8% in males). AR and MR demonstrate
higher prevalence among males: AR occurs in 7.1%
of males (90 cases) versus 4.3% of females (38 cases),
totaling 128 cases (5.9% overall), while MR is present
in 9.1% of males (116 cases) compared to 6.0% of fe-
males (66 cases), totaling 182 cases (8.4% overall).
All percentages represent within-group proportions
(gender-specific for conditions, total sample for de-
mographic distributions).

Subjects were selected based on the following cri-
teria: individuals who consented to provide data for
research aimed at developing medical devices for early
detection of cardiac diseases and for use in research
and development at Japanese research institutions
and companies, and who were able to undergo (or
had undergone) cardiac ultrasound and blood tests.
Data collection was performed using the latest heart
sound and electrocardiogram device under develop-
ment at AMI Inc. Measurements were taken non-
invasively by placing the device on the anterior chest
wall in a hospital room. Four measurement sites were
used: 2nd Right Intercostal Space at the Sternal Bor-
der (2RSB), 2nd Left Intercostal Space at the Ster-
nal Border (2LSB), 4th Left Intercostal Space at the
Sternal Border (4LSB), and 5th Intercostal Space at
the Left Midclavicular Line (5LMCL). The total mea-
surement time for all four sites was approximately 5
minutes. During the measurements, various sources
of noise were recorded, which may include human
voices (the subject’s own, guidance voices, and sur-
rounding voices), alarm sounds emitted from mea-
surement equipment and peripheral equipment, bi-
ological sounds such as stomach sounds, breathing
sounds, and rubbing noises.
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(a) Real-world (b) Synthesized

Figure 4: Examples of real-world and synthesized normal state PCG.

(a) Real-world (b) Synthesized

Figure 5: Examples of real-world and synthesized PCG of AS.

(a) Real-world (b) Synthesized

Figure 6: Examples of real-world and synthesized PCG of AR.

(a) Real-world (b) Synthesized

Figure 7: Examples of real-world and synthesized PCG of MR.

Appendix D. Details of the
Preliminary
Experiments

D.1. Search for a Optimal Learning Rate

To determine the optimal learning rate for PCG clas-
sification, we conducted a comprehensive exploration
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using the MR classification task from the BMD-HS
dataset. The investigation involved testing ten differ-
ent learning rates ranging from 1e-6 to 1e-3 (specifi-
cally: 1e-6, 2e-6, 5e-6, 1e-5, 2e-5, 5e-5, 1e-4, 2e-4, 5e-
4, and 1e-3) with a ResNet18 architecture and Adam
optimizer. The model was trained on the training set,
and the optimal learning rate was selected based on
the highest F1-score achieved on the validation set.

Table 5: Result of a optimal learning rate search

Learning rate F1-score AUROC AUPRC

1E − 03 0.167 0.430 0.347
5E − 04 0.000 0.413 0.348
2E − 04 0.513 0.455 0.362
1E − 04 0.503 0.455 0.364
5E − 05 0.652 0.727 0.592
2E − 05 0.672 0.747 0.619
1E − 05 0.656 0.748 0.613
5E − 06 0.000 0.455 0.411
2E − 06 0.000 0.465 0.416
1E − 06 0.000 0.467 0.418

As shown in Table 5, 2E-05 achieved the best
performance across all evaluated metrics, with an
F1-score of 0.672, AUROC of 0.747, and AUPRC
of 0.619. The results demonstrated a clear pattern
where extremely low learning rates (1E-06 to 5E-06)
failed to learn effectively, resulting in F1-scores of
0.000, while very high learning rates (5E-04 to 1E-03)
also performed poorly with F1-scores below 0.200.
The model showed stable and relatively good perfor-
mance in the middle range of learning rates (1E-05
to 5E-05), with F1-scores above 0.650, indicating this
range as the optimal zone for the PCG classification
task. Based on these results, we adopted a learning
rate of 2E-05 for subsequent experiments.

D.2. Search for a Optimal Augmentation

This section provides an overview of the data aug-
mentation strategies employed in the study. We first
introduce the types of augmentation functions uti-
lized to enhance dataset diversity and robustness,
followed by a summary of the parameter ranges ex-
plored to control the intensity and variation of these
transformations. Additionally, we outline the exper-
imental framework designed to systematically evalu-
ate and select optimal augmentation parameters, en-
suring their alignment with the goals of improving

model generalization without introducing detrimen-
tal artifacts. The obtained augmentation setting was
used for the abnormal PCG classification experiment.

D.2.1. Augmentations

In this work we employed six augmentations, namely
breathing sound addition, random masking, random
shifting, random flipping, random extension, and ran-
dom scaling. We explain the details of each aug-
mentation procedure and parameters associated with
each augmentation procedure.

The breathing sound addition procedure enhances
PCG data by synthesizing and integrating simulated
respiratory noise. This involves generating a physio-
logically plausible breathing waveform through white
noise modulated by a sine wave to mimic inhalation-
exhalation patterns, with randomized breath dura-
tions. The synthesized sound is smoothed using a
windowing function, extended to match the PCG
length, and scaled to randomized amplitudes (within
predefined limits) before being added to the original
recording. If the breathing sound exceeds the PCG
duration, a random segment is selected for alignment.
The output combines the original cardiac signals with
controlled breathing interference.

To enhance the robustness of models against data
loss or artifacts commonly encountered in real-world
recordings, a random masking procedure is employed.
This technique simulates transient data gaps by se-
lectively obscuring contiguous segments of the PCG
signal during augmentation. A mask ratio parameter
controls the proportion of the signal to be masked
(e.g., 0.2 for 20%). For each sample, the absolute
mask width is calculated based on the signal length
and the specified mask ratio. A random starting in-
dex, mask start, is then chosen to ensure the masked
segment remains within the signal boundaries. By in-
troducing variability through the occlusion of random
signal regions, this augmentation strategy encourages
models to learn robust features that are invariant to
partial data loss, improving their generalization per-
formance on real-world PCG recordings where such
gaps or artifacts may be present.

To enhance the robustness of the models to mi-
nor temporal variations in the PCG signal, a random
shifting augmentation is applied. This technique in-
troduces small, random shifts in the signal’s timing.
A shift ratio parameter controls the maximum pro-
portion of the signal length that can be shifted. For
each sample, a random shift ratio is selected within
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the defined maximum. This ratio is then used to cal-
culate the shift size in number of samples. The signal
is then either shifted to the left or right with equal
probability. Padding with zeros is used to maintain
the original signal length after the shift. Specifically,
for a left shift, zeros are prepended to the signal, and
the resulting signal is truncated to the original length.
Conversely, for a right shift, zeros are appended, and
the beginning of the shifted signal is truncated. This
process effectively simulates minor misalignments or
variations in the timing of the heart sounds within
the recording, improving the model’s ability to gen-
eralize to such variations in real-world data.

To augment the dataset with variations in signal
polarity, a random flipping technique is employed.
This method randomly inverts the PCG signal with
a specified flip rate probability. For each sample, a
random number is generated. If this number is less
than the flip rate, the entire PCG signal is multiplied
by −1, effectively flipping it vertically. This augmen-
tation simulates scenarios where the recording elec-
trodes might be inadvertently placed with reversed
polarity, ensuring that the trained models are insen-
sitive to such signal inversions and can accurately an-
alyze PCG data regardless of its polarity.

To introduce variations in the temporal character-
istics of the PCG signal, a signal stretching augmen-
tation is implemented. This technique slightly alters
the duration of the signal, simulating variations in
heart rate or recording speed. A stretch ratio pa-
rameter controls the extent of stretching, allowing for
both expansion and compression of the signal. For
each sample, a random stretch factor is determined
within a range defined by the stretch ratio. Linear
interpolation is then used to resample the signal to
the new length. If the stretched signal is longer than
the original, a random segment is extracted to match
the original length. Conversely, if the stretched sig-
nal is shorter, it is padded with zeros on both sides,
with the padding distribution randomized, to restore
the original length. This augmentation helps to im-
prove the model’s robustness to minor variations in
the timing and duration of heart sounds within the
PCG recording.

To introduce variations in the amplitude of the
PCG signal, a random scaling augmentation is ap-
plied. This method simulates fluctuations in signal
strength that might occur due to variations in con-
tact with the patient or other recording artifacts. A
scale ratio parameter controls the range of possible
scaling factors. For each sample, a scaling factor is

generated using a sine wave with a random frequency
within a range determined by the scaler freq param-
eter. This sine wave modulates the scaling factor,
creating smooth variations in amplitude across the
signal. The PCG signal is then multiplied by this
dynamically changing scaling factor. This augmenta-
tion encourages the model to be robust to variations
in signal amplitude and improves generalization per-
formance by exposing the model to a wider range of
realistic signal intensities.

D.2.2. Augmentation parameter

Table 6: Search range of augmentation parameters.

Sampling type min max

mask ratio uniform 0.00 0.90
shift ratio uniform 0.00 0.90
flip rate uniform 0.00 0.90
breathing scale log uniform 0.25 4.00
stretch ratio log uniform 0.25 4.00
scale ratio log uniform 0.25 4.00

To identify optimal augmentation parameters for
the PCG classification task, we conducted an exhaus-
tive hyperparameter search for each classification set-
ting (AR, MR, AS) using the BMD-HS dataset. With
a fixed learning rate of 2E-05, ResNet18 model, and
Adam optimizer, we independently explored augmen-
tation configurations for each task. Each search was
constrained to a maximum duration of 24 hours, with
the selection criteria focused on maximizing the F1-
score on the validation set. The minimum and maxi-
mum range of each parameter and sampling strategies
are shown in Table 6. This comprehensive approach
enabled us to fine-tune augmentation strategies spe-
cific to the unique characteristics of each classification
task, allowing the model to achieve tailored perfor-
mance across different PCG classification scenarios.

The augmentation parameter search revealed dis-
tinct optimal configurations for each PCG classifica-
tion task (AR, MR, AS). The results are shown in
Table 7. For AR classification, the optimal parame-
ters included a low mask ratio of 0.039, a relatively
high shift ratio of 0.618, minimal flip rate of 0.019,
high breathing scale of 0.598, moderate stretch ra-
tio of 0.343, and scale ratio of 0.315. In contrast, AS
classification favored a very low mask ratio of 0.018, a
moderate shift ratio of 0.435, high flip rate of 0.585,
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Table 7: Result of augmentation parameter search.

AR AS MR

mask ratio 0.039 0.018 0.112
shift ratio 0.618 0.435 0.242
flip rate 0.019 0.585 0.489
breathing scale 0.598 0.618 0.264
stretch ratio 0.343 0.253 0.311
scale ratio 0.315 1.398 0.925

high breathing scale of 0.618, lower stretch ratio of
0.253, and notably high scale ratio of 1.398. The MR
classification showed yet another unique configura-
tion, with a higher mask ratio of 0.112, lower shift
ratio of 0.242, substantial flip rate of 0.489, moder-
ate breathing scale of 0.264, moderate stretch ratio of
0.311, and scale ratio of 0.925. These divergent op-
timal parameters underscore the importance of task-
specific augmentation strategies in improving classi-
fication performance across different PCG scenarios.

D.3. Comparison of Embedding Modules

To identify the optimal embedding module for RNN-
based and Transformer models in the PCG classifi-
cation task, we conducted a grid search using the
MR classification setting of the BMD-HS dataset. We
compared four settings: (i) no embedding module15,
(ii) Linear embedding, (iii) STFT embedding, and
(iv) combined Linear+STFT embedding.

The Linear embedding module divides the input
time-series data into fixed-length chunks and trans-
forms each chunk into an embedding vector via a lin-
ear projection. The STFT embedding module applies
a short-time Fourier transform (STFT) to the input
signal to extract frequency-domain features. If neces-
sary, the frequency dimension is compressed through
a linear projection, and each time frame is then con-
verted into an embedding vector. The Linear+STFT
embedding module integrates the features produced
by the linear and STFT embeddings.

Table 8 summarizes the results of the embedding
module search. For the GRU model, the best perfor-
mance was obtained with the Linear+STFT embed-
ding (0.7689). The LSTM model achieved the high-

15. We did not test the no-embedding setting for Transformer
models, since in this case the raw signal length must be
treated as the sequence length, which incurs high compu-
tational cost.

est score with the STFT embedding (0.7398). Fi-
nally, the Transformer model performed best with
the STFT embedding (0.7794). Based on these re-
sults, we conducted subsequent experiments using the
embedding module that achieved the highest perfor-
mance for each model.

D.4. Search for a Optimal Architecture

To identify optimal architectural hyperparameters for
RNN- and Transformer-based PCG classifiers, we
performed a hyperparameter search on the MR task
of BMD-HS. For the RNNs, we searched embed-
ding dimensions demb ∈ {2k | k = 1, . . . , 15}, patch
lengths {25, 50, 100, 250, 500}, RNN depth {1, . . . , 8},
and hidden sizes dhid ∈ {2k | k = 1, . . . , 15}. For
the Transformers, we searched demb ∈ {2k | k =
1, . . . , 12}, patch lengths {25, 50, 100, 250, 500}, num-
ber of heads h ∈ {2k | k = 1, . . . , 12}, and depth
{1, . . . , 8}. The feed-forward dimension was set to
4 demb. Each model was tuned for 12 hours, and the
configuration with the lowest validation loss was se-
lected.

As for GRU, the selected parameters were 512 for
demb, 250 for length of patches, 5 for depth of the
RNN layer, and 1024 for the hidden size. For LSTM,
the selected parameters were 256 for demb, 250 for
length of patches, 2 for depth of the RNN layer, and
2048 for the hidden size. For Transformer, the se-
lected parameters were 128 for demb, 25 for length of
patches, 2 for number of heads, 3 for depth. We used
these settings for the main experiment to evaluate the
efficacy of synthesized data.

Appendix E. Performance on
Synthesized Data

To evaluate the efficacy of synthetic PCG
data in training DNNs, eight distinct architec-
tures—including EfficientNet variants, ResNets,
recurrent models (GRU, LSTM), and Trans-
former—were trained and tested exclusively on
synthesized PCG data representing AS, AR, and
MR. Performance was quantified using the area
under the receiver operating characteristic curve
(AUROC), with results summarized in Table 9.
The experiment aimed to assess baseline classifica-
tion capabilities on synthetic data, independent of
fine-tuning on real-world samples.

The results reveal substantial variation across mod-
els and pathologies. Recurrent networks (GRU,
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Table 8: Result of embedding module search.

None Linear STFT Linear+STFT

GRU 0.5250 0.5905 0.7376 0.7689
LSTM 0.4770 0.5691 0.7398 0.5718
Transformer - 0.5314 0.7794 0.7163

Table 9: Classification results for model trained and evaluated with synthesized data (AUROC)

AS AR MR

EfficientNet-B0 1.0000± 0.0000 0.5134± 0.0068 1.0000± 0.0000
EfficientNet-B1 0.9018± 0.1965 0.5115± 0.0077 0.9025± 0.1949
GRU 1.0000± 0.0000 1.0000± 0.0000 0.9998± 0.0003
LSTM 0.9999± 0.0001 0.9999± 0.0001 0.9999± 0.0000
ResNet18 0.9999± 0.0001 0.9993± 0.0005 0.9999± 0.0001
ResNet34 1.0000± 0.0000 0.9996± 0.0003 1.0000± 0.0001
ResNet50 1.0000± 0.0000 0.9054± 0.2113 0.9999± 0.0001
Transformer 0.9976± 0.0033 0.7104± 0.2341 0.9993± 0.0004

LSTM) achieved nearly perfect AUROC scores across
all classes (≥ 0.999), indicating that temporal mod-
eling can be highly effective in recognizing synthetic
PCG patterns. ResNet18 and ResNet34 also demon-
strated excellent performance (AUROC ≥ 0.999 for
most classes), confirming the strength of convolu-
tional architectures. In contrast, EfficientNet vari-
ants showed inconsistent results: EfficientNet-B0
classified AS and MR perfectly but failed on AR
(0.5134), while EfficientNet-B1 exhibited moderate
yet unstable performance with large variance across
classes. The Transformer model performed well for
AS and MR (≈ 0.998 and 0.999) but only moderately
for AR (0.7104 ± 0.2341), suggesting class-specific
challenges.

Appendix F. Detailed Results of PCG
Classification

F.1. BMD-HS Dataset

F.1.1. MR Classification

The experimental results demonstrate significant per-
formance improvements when models are pre-trained
on synthetic PCG data and fine-tuned on limited real-
world data (Syn→Real), compared to training exclu-
sively on real-world data. As shown in Tables 10, 11
and 12, the “Syn→Real” approach yielded average

relative gains of 17.1% in AUROC, 73.4% in F1-score,
and 20.7% in AUPRC across eight architectures.
Convolutional architectures exhibited the most con-
sistent improvements, with EfficientNet-B1 achieving
a remarkable 426.8% F1-score gain and ResNet vari-
ants showing 22−29%AUROC improvements. In con-
trast, recurrent (GRU, LSTM) and Transformer dis-
played marginal or negative gains (−22.1% to −1.71
AUROC). Notably, models trained solely on syn-
thetic data (“Syn”) underperformed real-data base-
lines (AUROC: 51.6% vs 59.8%), emphasizing the ne-
cessity of real-world fine-tuning. The substantial per-
formance boost in EfficientNet and ResNet architec-
tures – particularly with limited real training sam-
ples (n = 568) – supports the hypothesis that syn-
thetic data effectively compensates for medical data
scarcity. These findings align with the theoretical
framework presented in the abstract, demonstrating
that hybrid synthetic-real training can enhance car-
diac sound classification while mitigating dataset size
constraints inherent to clinical settings.

In addition to AUROC, F1-score, and AUPRC,
we report clinically important metrics—sensitivity
(Table 13), specificity (Table 14), positive predictive
value (PPV) (Table 15), and negative predictive value
(NPV) (Table 16)—to address the critical concerns
of false positives and false negatives in medical diag-
nostics. These metrics are vital for clinical safety,
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Table 10: MR PCG Classification Result (BMD-HS / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5230± 0.1177 0.5368± 0.0426 0.7388± 0.0389 41.262
EfficientNet-B1 0.4825± 0.0354 0.5095± 0.0649 0.7297± 0.1242 51.233
GRU 0.7405± 0.0273 0.5975± 0.0406 0.5770± 0.1042 −22.080
LSTM 0.7291± 0.0268 0.5551± 0.0854 0.7166± 0.0118 −1.714
ResNet18 0.5686± 0.1055 0.5000± 0.0000 0.6945± 0.0338 22.142
ResNet34 0.5841± 0.1085 0.5066± 0.0148 0.7333± 0.0521 25.544
ResNet50 0.5479± 0.0920 0.5027± 0.0040 0.7086± 0.0563 29.330
Transformer 0.6787± 0.1112 0.5050± 0.0525 0.6182± 0.0539 −8.914

Average 0.6068 0.5267 0.6896 17.100

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 11: MR PCG Classification Result (BMD-HS / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.3418± 0.3152 0.5333± 0.0000 0.5998± 0.0333 75.483
EfficientNet-B1 0.1127± 0.2355 0.4880± 0.1015 0.5937± 0.0753 426.797
GRU 0.5922± 0.0411 0.5277± 0.0052 0.3475± 0.2971 −41.321
LSTM 0.6075± 0.0498 0.4852± 0.0553 0.6151± 0.0208 1.251
ResNet18 0.5384± 0.0438 0.5333± 0.0000 0.5546± 0.0321 3.009
ResNet34 0.4030± 0.2554 0.5333± 0.0000 0.5810± 0.0482 44.169
ResNet50 0.3101± 0.2924 0.5333± 0.0000 0.5791± 0.0486 86.746
Transformer 0.5650± 0.0839 0.5239± 0.0171 0.5154± 0.0339 −8.779

Average 0.4338 0.5197 0.5483 73.419

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

as a model with low sensitivity risks missing true
cases (false negatives), and low specificity risks over-
diagnosis (false positives). From Table 13 and Ta-
ble 14, the “Syn→Real” setup achieves a over 30.0%
average gain in both sensitivity and specificity, in-
dicating fewer missed diagnoses and fewer spurious
alerts compared to using real data alone. Similarly,
Table 15 and Table 16 show a 60.1% increase in PPV
and a 32.4% increase in NPV, further demonstrating
that incorporating synthetic data can strengthen di-
agnostic reliability and improve overall clinical utility.

Furthermore, Figure 8 presents confusion matrices
for the model architectures that achieved the high-
est AUROC in MR classification using the BMD-HS
dataset under both “Real” and “Syn→Real” condi-
tions.

F.1.2. AS Classification

The “Syn→Real” training paradigm also improved
AS classification, though with more variable gains
across architectures compared to MR results. As
shown in Tables 17, 18 and 19, the approach achieved
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Table 12: MR PCG Classification Result (BMD-HS / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.3889± 0.0842 0.3933± 0.0486 0.6127± 0.1565 57.547
EfficientNet-B1 0.3650± 0.0079 0.4480± 0.1026 0.5440± 0.1176 49.041
GRU 0.6280± 0.0452 0.4230± 0.0234 0.3953± 0.0763 −37.054
LSTM 0.5968± 0.0469 0.4147± 0.0528 0.5745± 0.0508 −3.737
ResNet18 0.4349± 0.0975 0.3683± 0.0102 0.6061± 0.0501 39.365
ResNet34 0.4273± 0.0891 0.3897± 0.0241 0.5922± 0.1511 38.591
ResNet50 0.4257± 0.0739 0.3475± 0.0324 0.5521± 0.1514 29.692
Transformer 0.5353± 0.0941 0.3852± 0.0384 0.4934± 0.0673 −7.827

Average 0.4752 0.3962 0.5463 20.702

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 13: MR PCG Classification Result (BMD-HS / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5656± 0.4661 1.0000± 0.0000 0.7719± 0.0364 36.474
EfficientNet-B1 0.2031± 0.3985 0.8594± 0.2812 0.6656± 0.1354 227.720
GRU 0.7094± 0.1260 0.9656± 0.0319 0.5031± 0.4246 −29.081
LSTM 0.7625± 0.1200 0.7312± 0.1604 0.7219± 0.0588 −5.325
ResNet18 0.8687± 0.1611 1.0000± 0.0000 0.6062± 0.0702 −30.218
ResNet34 0.6156± 0.4176 1.0000± 0.0000 0.5969± 0.0864 −3.038
ResNet50 0.4562± 0.4185 1.0000± 0.0000 0.6531± 0.0965 43.161
Transformer 0.6719± 0.0719 0.9687± 0.0407 0.6719± 0.0943 0.000

Average 0.6066 0.9406 0.6488 29.962

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

average relative improvements of 15.3% in AUROC,
42.9% in F1-score, and 19.4% in AUPRC. Convo-
lutional networks again demonstrated superior syn-
thetic data utilization, with EfficientNet-B1 show-
ing 189.9% F1-score improvement and EfficientNet-
B1 achieving 70.7% AUPRC gain. ResNet vari-
ants exhibited consistent but more modest enhance-
ments (6.7 − 18.6% F1 gains), while recurrent ar-
chitectures and Transformer showed mixed results -
GRU improved AUROC by 12.2% but Transformer
gained only 2.4%. The extreme gains in Efficient-

Net models (B0: 96.3% F1, B1: 70.7% AUPRC)
with minimal real-world data (n = 568) reinforce
the architectural sensitivity observed in MR analysis.
While average “Syn→Real” improvements were lower
than MR benchmarks (42.9% vs 73.4% F1 gain),
the maintained superiority over Real-only baselines
(F1: 54.8% vs 43.4%) confirms synthetic data’s cross-
pathology utility. These findings further substanti-
ate our hypothesis that synthetic-to-real training ef-
fectiveness depends on both model architecture and
target condition characteristics.
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Table 14: MR PCG Classification Result (BMD-HS / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5143± 0.4481 0.0000± 0.0000 0.5411± 0.0373 5.211
EfficientNet-B1 0.7982± 0.3991 0.1268± 0.2536 0.6625± 0.2002 −17.001
GRU 0.6089± 0.1663 0.0321± 0.0369 0.5946± 0.3334 −2.349
LSTM 0.5786± 0.1141 0.2750± 0.2232 0.6429± 0.0696 11.113
ResNet18 0.2125± 0.2761 0.0000± 0.0000 0.6714± 0.0652 215.953
ResNet34 0.4768± 0.4158 0.0000± 0.0000 0.7429± 0.0566 55.810
ResNet50 0.6161± 0.3742 0.0000± 0.0000 0.6607± 0.0772 7.239
Transformer 0.5804± 0.1706 0.0125± 0.0091 0.4643± 0.1570 −20.003

Average 0.5482 0.0558 0.6225 31.997

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 15: MR PCG Classification Result (BMD-HS / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.2504± 0.2128 0.3636± 0.0000 0.4907± 0.0277 95.966
EfficientNet-B1 0.1727± 0.2159 0.3542± 0.0188 0.5642± 0.1108 226.694
GRU 0.5248± 0.0579 0.3632± 0.0026 0.2947± 0.1876 −43.845
LSTM 0.5136± 0.0363 0.3734± 0.0458 0.5396± 0.0320 5.062
ResNet18 0.4054± 0.0773 0.3636± 0.0000 0.5167± 0.0315 27.454
ResNet34 0.3392± 0.1790 0.3636± 0.0000 0.5732± 0.0407 68.986
ResNet50 0.2458± 0.2040 0.3636± 0.0000 0.5266± 0.0332 114.239
Transformer 0.4960± 0.0913 0.3591± 0.0088 0.4256± 0.0439 −14.194

Average 0.3685 0.3630 0.4914 60.045

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

In medical diagnostics, false positives and nega-
tives must be carefully tracked, so in addition to AU-
ROC, F1-score, and AUPRC, we report clinically rel-
evant metrics—namely sensitivity (Table 20), speci-
ficity (Table 21), PPV (Table 22), and NPV (Ta-
ble 23)—to ensure clinical safety by assessing the like-
lihood of missed or incorrect diagnoses. Across eight
models evaluated under the “Syn→Real” setting, we
observe on average an 26.1% gain in sensitivity, a
15.1% gain in specificity, a 47.2% gain in PPV, and a
33.6% gain in NPV relative to training on real data

alone. Furthermore, Figure 9 shows confusion matri-
ces for the top-performing architectures under both
“Real” and “Syn→Real” conditions when classifying
AS from the BMD-HS dataset, reinforcing the im-
proved clinical efficacy of these methods.

F.1.3. AR Classification

The “Syn→Real” strategy demonstrated measurable
but more modest improvements for AR classifica-
tion compared to MR and AS outcomes, revealing
condition-specific performance patterns. As shown
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Table 16: MR PCG Classification Result (BMD-HS / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.4252± 0.3561 0.0000± 0.0000 0.8055± 0.0325 89.440
EfficientNet-B1 0.5094± 0.2547 0.1224± 0.2448 0.7744± 0.0821 52.022
GRU 0.7927± 0.0358 0.3273± 0.2915 0.7737± 0.1525 −2.397
LSTM 0.8189± 0.0447 0.5906± 0.1419 0.8036± 0.0210 −1.868
ResNet18 0.6863± 0.3683 0.0000± 0.0000 0.7504± 0.0209 9.340
ResNet34 0.4306± 0.3601 0.0000± 0.0000 0.7658± 0.0332 77.845
ResNet50 0.5554± 0.2892 0.0000± 0.0000 0.7729± 0.0349 39.161
Transformer 0.7391± 0.1029 0.5600± 0.3929 0.7059± 0.0329 −4.492

Average 0.6197 0.2000 0.769 32.381

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) GRU (“Real”) (b) GRU (“Syn→Real”) (c) EfficientNet-B0
(“Real”)

(d) EfficientNet-B0
(“Syn→Real”)

Figure 8: Confusion matrices for the model architectures (GRU and EfficientNet-B0) that achieved the
highest AUROC in MR classification using the BMD-HS dataset under “Real” and “Syn→Real”
conditions, respectively. The values represent the sum of results across five independent trials on
the test set.

in Tables 24, 25 and 26, the approach yielded av-
erage gains of 17.0% AUROC, 8.2% F1-score, and
13.3% AUPRC – the lowest relative improvements
across all three pathologies. Convolutional archi-
tectures maintained their synthetic data compatibil-
ity, with EfficientNet-B0 achieving standout 53.9%
AUPRC and 42.5% AUROC gains, while ResNet34
showed consistent 15 − 27% improvements across
three metrics. Recurrent models exhibited unex-
pected variance, with LSTM gaining 25.5% F1-score
but GRU declining −5.8%. Attention-based archi-
tectures again underperformed, particularly Trans-
formers showing −2.0% AUPRC degradation. These
results complete our tri-pathology analysis, demon-

strating that while synthetic pretraining consistently
enhances PCG classification, its effectiveness scales
with both architectural compatibility and pathologi-
cal signature distinctness – critical considerations for
clinical implementation.

In addition to AUROC, F1-score, and AUPRC,
we report performance using clinically relevant met-
rics—sensitivity (Table 27), specificity (Table 28),
PPV (Table 29), and NPV (Table 30)—since these
measures are critical in medical diagnostics for char-
acterizing false positive/negative rates and ensuring
patient safety. From the averages in Table 27–Ta-
ble 30, the “Syn→Real” approach yields a 2.3% de-
crease in sensitivity, a 22.4% increase in specificity,
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Table 17: AS PCG Classification Result (BMD-HS / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.6454± 0.1578 0.5281± 0.0435 0.8380± 0.0097 29.842
EfficientNet-B1 0.5351± 0.1477 0.5421± 0.0602 0.8177± 0.0218 52.813
GRU 0.7648± 0.0525 0.4460± 0.0324 0.8296± 0.0178 8.473
LSTM 0.7434± 0.0743 0.4388± 0.0478 0.7937± 0.0494 6.766
ResNet18 0.7165± 0.0351 0.5000± 0.0000 0.7857± 0.0074 9.658
ResNet34 0.6904± 0.1511 0.5000± 0.0000 0.7833± 0.0217 13.456
ResNet50 0.7730± 0.0644 0.4932± 0.0050 0.7950± 0.0149 2.846
Transformer 0.6785± 0.0281 0.6287± 0.0482 0.6699± 0.0556 −1.268

Average 0.6934 0.5096 0.7891 15.323

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 18: AS PCG Classification Result (BMD-HS / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.3212± 0.3016 0.4286± 0.0000 0.6305± 0.0437 96.295
EfficientNet-B1 0.2082± 0.2925 0.4240± 0.0102 0.6035± 0.0556 189.865
GRU 0.5236± 0.0405 0.4361± 0.0091 0.5875± 0.0241 12.204
LSTM 0.5394± 0.0722 0.4321± 0.0086 0.5713± 0.0537 5.914
ResNet18 0.5056± 0.0707 0.4286± 0.0000 0.5996± 0.0365 18.592
ResNet34 0.5249± 0.0891 0.4286± 0.0000 0.5844± 0.0153 11.335
ResNet50 0.5444± 0.0651 0.4286± 0.0000 0.5809± 0.0271 6.705
Transformer 0.4636± 0.0188 0.4329± 0.0058 0.4748± 0.0476 2.416

Average 0.4539 0.4299 0.5791 42.916

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

a 17.5% increase in PPV, and a 35.9% increase in
NPV relative to the “Real” baseline, indicating that
training with synthetic data can substantially reduce
false positives (and thus improve specificity, PPV,
and NPV) while slightly lowering sensitivity. Fur-
thermore, Figure 10 presents confusion matrices for
the top-performing architectures (by AUROC) under
both “Real” and “Syn→Real” training, highlighting
the clinical impact of these additional metrics and the
potential for synthetic data to enhance classification
robustness in a patient-safe manner.

F.2. Private Dataset

In this section, we present the results of the three bi-
nary classification tasks distinguishing Aortic Steno-
sis (AS), Aortic Regurgitation (AR), and Mitral Re-
gurgitation (MR). Detailed numerical results, includ-
ing per-class metrics and aggregated scores, are re-
ported in the following subsections.
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Table 19: AS PCG Classification Result (BMD-HS / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.4594± 0.2343 0.2992± 0.0360 0.7312± 0.0349 59.164
EfficientNet-B1 0.3522± 0.1807 0.3178± 0.0490 0.6011± 0.1268 70.670
GRU 0.6483± 0.0781 0.2493± 0.0122 0.6963± 0.0393 7.404
LSTM 0.6209± 0.0858 0.2546± 0.0346 0.6390± 0.1164 2.915
ResNet18 0.5600± 0.0851 0.2669± 0.0068 0.6147± 0.0447 9.768
ResNet34 0.5231± 0.2015 0.2585± 0.0166 0.5809± 0.1005 11.050
ResNet50 0.5884± 0.1717 0.2548± 0.0223 0.6222± 0.0642 5.744
Transformer 0.5408± 0.0346 0.4169± 0.0865 0.4769± 0.0666 −11.816

Average 0.5366 0.2898 0.6203 19.362

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 20: AS PCG Classification Result (BMD-HS / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5250± 0.4349 1.0000± 0.0000 0.8125± 0.0475 54.762
EfficientNet-B1 0.3417± 0.4285 0.9750± 0.0500 0.8042± 0.0386 135.353
GRU 0.7208± 0.0741 1.0000± 0.0000 0.8042± 0.0408 11.570
LSTM 0.7000± 0.0974 0.9792± 0.0132 0.7375± 0.1322 5.357
ResNet18 0.7875± 0.1740 1.0000± 0.0000 0.7750± 0.0677 −1.587
ResNet34 0.8458± 0.1288 1.0000± 0.0000 0.7875± 0.0534 −6.893
ResNet50 0.7542± 0.1346 1.0000± 0.0000 0.7417± 0.0429 −1.657
Transformer 0.6958± 0.1219 1.0000± 0.0000 0.7792± 0.0937 11.986

Average 0.6713 0.9943 0.7802 26.111

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

F.2.1. MR Classification

The experimental results demonstrate significant per-
formance improvements when models are pre-trained
on synthetic PCG data and fine-tuned on limited real-
world data (Syn→Real), compared to training exclu-
sively on real-world data. As shown in Tables 31,
32 and 33, across eight tested DNN architectures,
the “Syn→Real” approach yielded average relative
gains of 6.08% in AUROC, 29.19% in F1-score, and
22.94% in AUPRC. Notably, the EfficientNet-B0 and
B1 models exhibited the most significant performance

increases, with F1-score gains exceeding 60% in some
cases. Similar to the trends observed across BMD-HS
dataset, these results reinforce the overall benefit of
the “Syn→Real” training strategy for enhancing the
performance of medical DNNs.

In addition to AUROC, F1-score, and AUPRC, we
report performance using clinically relevant metrics,
including sensitivity(Table 34), specificity (Table 35),
PPV (Table 36), and NPV (Table 37). Overall, with
the “Syn→Real” setting, we observed a 16.3% in-
crease in sensitivity, a 5.06% increase in specificity,
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Table 21: AS PCG Classification Result (BMD-HS / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.6547± 0.3715 0.0000± 0.0000 0.7062± 0.1005 7.866
EfficientNet-B1 0.7547± 0.3874 0.0172± 0.0344 0.6687± 0.1071 −11.395
GRU 0.6109± 0.0869 0.0297± 0.0318 0.6484± 0.0557 6.138
LSTM 0.6594± 0.1098 0.0422± 0.0291 0.6875± 0.0989 4.261
ResNet18 0.4484± 0.3665 0.0000± 0.0000 0.6922± 0.0915 54.371
ResNet34 0.4234± 0.3488 0.0000± 0.0000 0.6594± 0.0481 55.739
ResNet50 0.5828± 0.2961 0.0000± 0.0000 0.6922± 0.0712 18.771
Transformer 0.5156± 0.1217 0.0172± 0.0206 0.4375± 0.0676 −15.147

Average 0.5812 0.0133 0.649 15.076

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 22: AS PCG Classification Result (BMD-HS / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.2414± 0.2131 0.2727± 0.0000 0.5219± 0.0661 116.197
EfficientNet-B1 0.1625± 0.2162 0.2710± 0.0034 0.4877± 0.0630 200.123
GRU 0.4145± 0.0370 0.2789± 0.0067 0.4645± 0.0307 12.063
LSTM 0.4458± 0.0711 0.2772± 0.0060 0.4785± 0.0466 7.335
ResNet18 0.4032± 0.1072 0.2727± 0.0000 0.4961± 0.0571 23.041
ResNet34 0.4037± 0.1107 0.2727± 0.0000 0.4667± 0.0251 15.606
ResNet50 0.4496± 0.0934 0.2727± 0.0000 0.4828± 0.0559 7.384
Transformer 0.3565± 0.0296 0.2762± 0.0043 0.3425± 0.0316 −3.927

Average 0.3597 0.2743 0.4676 47.228

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

a 29.5% increase in PPV, and a 0.42% increase in
NPV across the eight models evaluated. Further-
more, Figure 11 presents confusion matrices for the
model architectures that achieved the highest AU-
ROC in MR classification using the private dataset
under both “Real” and “Syn→Real” conditions.

F.2.2. AS Classification

The experimental results demonstrate significant per-
formance improvements when models are pre-trained
on synthetic PCG data and fine-tuned on limited real-

world data (Syn→Real), compared to training exclu-
sively on real-world data. As shown in Tables 38,
39 and 40, the “Syn→Real” approach yielded aver-
age relative gains of 7.11% in AUROC, 16.95% in
F1-score, and 22.11% in AUPRC across eight archi-
tectures. Specifically, for AUROC, the “Syn→Real”
method achieved the highest gain of 14.46% with the
Transformer architecture, improving from 0.5818 to
0.6659. For all eight architecture evaluated, we ob-
served improvement with “Syn→Real” over “Real”
setting with improvements ranging from 0.99% to
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Table 23: AS PCG Classification Result (BMD-HS / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.6515± 0.3349 0.0000± 0.0000 0.9106± 0.0112 39.770
EfficientNet-B1 0.6116± 0.3112 0.1294± 0.2588 0.9000± 0.0162 47.155
GRU 0.8544± 0.0250 0.6000± 0.4899 0.8992± 0.0149 5.243
LSTM 0.8548± 0.0352 0.6498± 0.3434 0.8802± 0.0361 2.971
ResNet18 0.5095± 0.4160 0.0000± 0.0000 0.8929± 0.0181 75.250
ResNet34 0.5282± 0.4313 0.0000± 0.0000 0.8936± 0.0183 69.178
ResNet50 0.6919± 0.3462 0.0000± 0.0000 0.8779± 0.0080 26.883
Transformer 0.8239± 0.0215 0.6000± 0.4899 0.8451± 0.0517 2.573

Average 0.6907 0.2474 0.8874 33.628

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) ResNet50 (“Real”) (b) ResNet50
(“Syn→Real”)

(c) EfficientNet-B0
(“Real”)

(d) EfficientNet-B0
(“Syn→Real”)

Figure 9: Confusion matrices for the model architectures (ResNet50 and EfficientNet-B0) that achieved the
highest AUROC in AS classification using the BMD-HS dataset under “Real” and “Syn→Real”
conditions, respectively. The values represent the sum of results across five independent trials on
the test set.

14.46%. For AUPRC, we observed decrease rang-
ing from 3.8% to 5.3% with ResNet family. For F1-
score, the largest gain of 33.18% was observed with
the Transformer architecture, increasing from 0.1103
to 0.1469. Although some individual architectures
experienced negative gains, the average across all ar-
chitectures demonstrates the effectiveness of the syn-
thetic pretraining and real-world fine-tuning strategy.

In addition to AUROC, F1-score, and AUPRC, we
report performance using clinically relevant metrics,
including sensitivity(Table 41), specificity (Table 42),
PPV (Table 43), and NPV (Table 44). Overall, with
the “Syn→Real” setting, we observed a 8.86% in-
crease in sensitivity, a 5.02% increase in specificity,

a 18.4% increase in PPV, and a 0.37% increase in
NPV across the eight models evaluated. Further-
more, Figure 12 presents confusion matrices for the
model architectures that achieved the highest AU-
ROC in AS classification using the private dataset
under both “Real” and “Syn→Real” conditions.

F.2.3. AR Classification

The experimental results demonstrate significant per-
formance improvements when models are pre-trained
on synthetic PCG data and fine-tuned on limited
real-world data (Syn→Real), compared to train-
ing exclusively on real-world data. As shown in
Tables 45, 46 and 47, the “Syn→Real” approach
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Table 24: AR PCG Classification Result (BMD-HS / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5545± 0.0402 0.4818± 0.1413 0.7903± 0.0500 42.525
EfficientNet-B1 0.5813± 0.1164 0.4628± 0.0711 0.7428± 0.0364 27.783
GRU 0.6706± 0.1306 0.5889± 0.0224 0.6956± 0.0537 3.728
LSTM 0.6026± 0.0854 0.5833± 0.0502 0.7682± 0.0630 27.481
ResNet18 0.6573± 0.1774 0.4209± 0.0200 0.7193± 0.1641 9.432
ResNet34 0.6968± 0.1268 0.4201± 0.0419 0.8105± 0.0346 16.317
ResNet50 0.7393± 0.1626 0.4957± 0.0445 0.7924± 0.1045 7.183
Transformer 0.5667± 0.0611 0.5329± 0.0759 0.5737± 0.0930 1.235

Average 0.6336 0.4983 0.7366 16.960

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 25: AR PCG Classification Result (BMD-HS / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.5333± 0.0000 0.4102± 0.0664 0.6022± 0.1001 12.920
EfficientNet-B1 0.5639± 0.0683 0.4051± 0.0981 0.5467± 0.0724 −3.050
GRU 0.4955± 0.1110 0.5277± 0.0635 0.4669± 0.2655 −5.772
LSTM 0.4626± 0.0624 0.4638± 0.0644 0.5804± 0.1438 25.465
ResNet18 0.4957± 0.2902 0.5082± 0.0194 0.5540± 0.1663 11.761
ResNet34 0.5020± 0.2913 0.5023± 0.0510 0.6359± 0.0364 26.673
ResNet50 0.5730± 0.1628 0.5243± 0.0196 0.5397± 0.3037 −5.811
Transformer 0.4657± 0.0458 0.4931± 0.0775 0.4804± 0.0606 3.156

Average 0.5115 0.4793 0.5508 8.168

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

yielded average relative gains of 8.75% in AUROC,
23.87% in F1-score, and 27.43% in AUPRC across
eight architectures. For AUROC, the largest im-
provement was observed with ResNet18, achieving
a 15.32% gain, increasing from 0.5673 to 0.6542.
While EfficientNet-B0 showed a decrease in AU-
ROC, others, like EfficientNet-B1 and LSTM, demon-
strated substantial improvements. In terms of F1-
score, the “Syn→Real” approach showed more con-
sistent improvements, with the largest gain of 66.85%
seen in EfficientNet-B1, rising from 0.0893 to 0.1490.

ResNet18, ResNet34, GRU, and LSTM also showed
considerable gains. For AUPRC, we observed LSTM
exhibiting the largest improvement of 60.81%, in-
creasing from 0.0694 to 0.1116. Despite some minor
decreases in performance for specific architectures,
the overall average gains across all metrics highlight
the benefits of the “Syn→Real” training strategy.

In addition to AUROC, F1-score, and AUPRC, we
report performance using clinically relevant metrics,
including sensitivity(Table 48), specificity (Table 49),
PPV (Table 50), and NPV (Table 51). Overall, with
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Table 26: AR PCG Classification Result (BMD-HS / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.4274± 0.0606 0.3947± 0.1038 0.6578± 0.0758 53.907
EfficientNet-B1 0.4556± 0.0919 0.3776± 0.0878 0.5503± 0.0950 20.786
GRU 0.5880± 0.1491 0.4143± 0.0083 0.4855± 0.1398 −17.432
LSTM 0.5005± 0.0968 0.4294± 0.0426 0.6293± 0.0553 25.734
ResNet18 0.5536± 0.1940 0.3274± 0.0131 0.5905± 0.1569 6.665
ResNet34 0.5808± 0.1387 0.3251± 0.0307 0.6684± 0.0543 15.083
ResNet50 0.6274± 0.1782 0.3911± 0.0570 0.6488± 0.1014 3.411
Transformer 0.5097± 0.0621 0.4049± 0.0548 0.4993± 0.0201 −2.040

Average 0.5304 0.3831 0.5912 13.264

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 27: AR PCG Classification Result (BMD-HS / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 1.0000± 0.0000 0.5031± 0.1831 0.6719± 0.1893 −32.810
EfficientNet-B1 0.9469± 0.1062 0.5062± 0.2393 0.6219± 0.2278 −34.322
GRU 0.4844± 0.1234 0.8187± 0.2024 0.6937± 0.3531 43.208
LSTM 0.4687± 0.0677 0.5969± 0.2638 0.5875± 0.1813 25.347
ResNet18 0.6812± 0.3657 0.9062± 0.0778 0.5969± 0.2116 −12.375
ResNet34 0.6625± 0.3444 0.9000± 0.1474 0.6594± 0.0835 −0.468
ResNet50 0.6281± 0.2570 0.9500± 0.0250 0.5437± 0.2813 −13.437
Transformer 0.5781± 0.2181 0.8094± 0.2308 0.6156± 0.1783 6.487

Average 0.6812 0.7488 0.6238 −2.296

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

the “Syn→Real” setting, we observed a 29.5% in-
crease in sensitivity, a 1.79% decrease in specificity,
a 19.6% increase in PPV, and a 0.76% increase in
NPV across the eight models evaluated. Further-
more, Figure 13 presents confusion matrices for the
model architectures that achieved the highest AU-
ROC in AR classification using the private dataset
under both “Real” and “Syn→Real” conditions.

Appendix G. Additional
Cross-Dataset and
Synthetic Pretraining
Experiments

G.1. Experimental Setup (overview)

We assessed whether synthetic data pre-training can
substitute for, or complement, pre-training on a dif-
ferent real dataset. We evaluated two real datasets
(BMD-HS and Private) and three targets (AS, AR,
MR). All classification task conditions (data splits,
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Table 28: AR PCG Classification Result (BMD-HS / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.0000± 0.0000 0.4946± 0.2600 0.7018± 0.1488 inf
EfficientNet-B1 0.1536± 0.3071 0.4786± 0.2671 0.6625± 0.2087 331.315
GRU 0.7304± 0.1644 0.2929± 0.2144 0.4786± 0.3258 −34.474
LSTM 0.6750± 0.1440 0.4964± 0.3063 0.7821± 0.0925 15.867
ResNet18 0.5339± 0.4402 0.0536± 0.0855 0.7107± 0.0790 33.115
ResNet34 0.5964± 0.3395 0.0536± 0.0898 0.7661± 0.0671 28.454
ResNet50 0.6929± 0.3472 0.0429± 0.0376 0.8500± 0.0809 22.673
Transformer 0.5125± 0.2802 0.2000± 0.2498 0.4839± 0.2045 −5.580

Average 0.4868 0.2641 0.6795 22.137

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 29: AR PCG Classification Result (BMD-HS / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.3636± 0.0000 0.3871± 0.0618 0.5793± 0.0718 59.323
EfficientNet-B1 0.4197± 0.1121 0.3740± 0.1027 0.5487± 0.0773 30.736
GRU 0.5509± 0.1598 0.4024± 0.0245 0.3600± 0.1946 −34.652
LSTM 0.4747± 0.0968 0.4263± 0.0431 0.6114± 0.0594 28.797
ResNet18 0.4291± 0.2645 0.3539± 0.0106 0.5338± 0.1196 24.400
ResNet34 0.4271± 0.2480 0.3498± 0.0195 0.6255± 0.0558 46.453
ResNet50 0.6145± 0.1360 0.3621± 0.0136 0.5411± 0.2708 −11.945
Transformer 0.4310± 0.0725 0.3696± 0.0282 0.4159± 0.0416 −3.503

Average 0.4638 0.3782 0.527 17.451

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

preprocessing, optimization settings, and evaluation
protocol) are identical to those described in the
main text. Models include CNNs (ResNet-18/34/50,
EfficientNet-B0/B1) and sequence models (GRU,
LSTM, Transformer).

We compare five training schemas:

• Real: train on the target real-world dataset only
(as in the main text).

• Syn:train on the synthetic dataset only (as in
the main text).

• Syn→Real: pretrain on synthetic data, then
fine-tune on the target real dataset (as in the
main text).

• Real→Real: pretrain on the other real dataset
and fine-tune on the target real dataset.

• Syn→Real→Real: pretrain on synthetic data,
fine-tune on BMD-HS, then fine-tune again on
Private (or vice versa, depending on the target).
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Table 30: AR PCG Classification Result (BMD-HS / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 568 0 568 -

EfficientNet-B0 0.0000± 0.0000 0.6085± 0.1046 0.8061± 0.0670 inf
EfficientNet-B1 0.1670± 0.3340 0.5810± 0.1030 0.7857± 0.0879 370.479
GRU 0.7097± 0.0518 0.7695± 0.0580 0.7846± 0.0799 10.554
LSTM 0.6847± 0.0389 0.6872± 0.0254 0.7760± 0.0565 13.334
ResNet18 0.4598± 0.3821 0.2353± 0.2358 0.7673± 0.0928 66.877
ResNet34 0.7978± 0.0892 0.2420± 0.2268 0.7999± 0.0298 0.263
ResNet50 0.6188± 0.3154 0.5079± 0.2701 0.7822± 0.0782 26.406
Transformer 0.5444± 0.2727 0.4888± 0.3461 0.6851± 0.0488 25.845

Average 0.4978 0.5150 0.7734 35.943

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) ResNet50 (“Real”) (b) ResNet50
(“Syn→Real”)

(c) ResNet34 (“Real”) (d) ResNet34
(“Syn→Real”)

Figure 10: Confusion matrices for the model architectures (ResNet50 and ResNet34) that achieved the high-
est AUROC in AR classification using the BMD-HS dataset under “Real” and “Syn→Real”
conditions, respectively. The values represent the sum of results across five independent trials on
the test set.

Unless noted otherwise, we report mean AUROC
(± standard deviation in Tables 52, 53, 54, 55, 56
and 57) across repeated runs.

G.2. Implications

The implications from the results on Table 2 are:

1. Cross-dataset transfer helps. “Real→Real”
consistently improves over training solely on the
target dataset (“Real”), indicating that repre-
sentations learned from a related real dataset
transfer effectively.

2. Synthetic pretraining is competitive with
real-source pretraining. “Syn→Real” per-

forms on par with “Real→Real” overall: slightly
worse on BMD-HS (AS/AR), comparable or bet-
ter on BMD-HS (MR) and on the Private dataset
across AS/AR/MR.

3. Sequential fine-tuning is best.
“Syn→Real→Real” yields the strongest results
across all conditions, showing that synthetic
pretraining and multi-stage fine-tuning on
multiple real datasets are complementary.

Collectively, these findings show that synthetic
data provides a strong and scalable foundation for
transfer learning, comparable to leveraging real data
from a different source, and that combining synthetic
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Table 31: MR PCG Classification Result (Private / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.5655± 0.0692 0.5249± 0.0182 0.6835± 0.0133 20.866
EfficientNet-B1 0.5612± 0.0605 0.5365± 0.0091 0.6748± 0.0539 20.242
GRU 0.6093± 0.0283 0.5330± 0.0169 0.5931± 0.0557 −2.659
LSTM 0.5900± 0.0273 0.5119± 0.0119 0.5599± 0.0372 −5.102
ResNet18 0.5793± 0.0197 0.5172± 0.0054 0.5984± 0.0433 3.297
ResNet34 0.5888± 0.0169 0.5221± 0.0153 0.6483± 0.0199 10.105
ResNet50 0.6110± 0.0175 0.5152± 0.0163 0.6247± 0.0386 2.242
Transformer 0.5492± 0.0363 0.4775± 0.0156 0.5472± 0.0074 −0.364

Average 0.5818 0.5173 0.6162 6.079

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 32: MR PCG Classification Result (Private / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.1550± 0.0871 0.1643± 0.0050 0.2575± 0.0130 66.129
EfficientNet-B1 0.1011± 0.0964 0.1535± 0.0424 0.2410± 0.0341 138.378
GRU 0.1798± 0.0357 0.1633± 0.0016 0.1840± 0.0252 2.336
LSTM 0.1810± 0.0141 0.1633± 0.0037 0.1621± 0.0216 −10.442
ResNet18 0.1768± 0.0080 0.1609± 0.0037 0.1888± 0.0200 6.787
ResNet34 0.1785± 0.0069 0.1627± 0.0022 0.2135± 0.0102 19.608
ResNet50 0.1901± 0.0141 0.1627± 0.0021 0.2110± 0.0271 10.994
Transformer 0.1634± 0.0123 0.1625± 0.0034 0.1630± 0.0056 −0.245

Average 0.1657 0.1617 0.2026 29.193

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

pre-training with multi-stage real fine-tuning maxi-
mizes performance.

G.3. Detailed Results

We report detailed values for “Real→Real” and
“Syn→Real→Real” settings. For BMD-HS dataset,
results for MR, AS, and AR are shown in Tables 52,
53 and 54 respectively. For Private dataset, results
for MR, AS, and AR are shown in Tables 55, 56 and
57, respectively. The results for “Real”, “Syn”, and

“Syn→Real” settings are from Tables 10, 17, 24, 31,
38 and 45 respectively.
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Table 33: MR PCG Classification Result (Private / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.1098± 0.0188 0.0899± 0.0091 0.1990± 0.0112 81.239
EfficientNet-B1 0.1127± 0.0309 0.0952± 0.0113 0.1981± 0.0539 75.776
GRU 0.1193± 0.0201 0.0932± 0.0046 0.1206± 0.0266 1.090
LSTM 0.1132± 0.0080 0.0957± 0.0080 0.1067± 0.0098 −5.742
ResNet18 0.1139± 0.0054 0.0817± 0.0047 0.1132± 0.0179 −0.615
ResNet34 0.1184± 0.0078 0.0806± 0.0049 0.1505± 0.0206 27.111
ResNet50 0.1196± 0.0108 0.0838± 0.0080 0.1263± 0.0101 5.602
Transformer 0.1060± 0.0111 0.0831± 0.0082 0.1050± 0.0023 −0.943

Average 0.1141 0.0879 0.1399 22.940

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 34: MR PCG Classification Result (Private / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.3608± 0.1873 0.9000± 0.0650 0.4595± 0.0866 27.356
EfficientNet-B1 0.2216± 0.2403 0.6865± 0.3177 0.5095± 0.0614 129.919
GRU 0.5243± 0.1843 0.9608± 0.0051 0.4703± 0.0802 −10.299
LSTM 0.5797± 0.1428 0.8919± 0.0487 0.4135± 0.0865 −28.670
ResNet18 0.5068± 0.1195 0.9446± 0.0156 0.5162± 0.0809 1.855
ResNet34 0.5000± 0.1855 0.9270± 0.0207 0.5514± 0.1171 10.280
ResNet50 0.5405± 0.1523 0.9095± 0.0379 0.5527± 0.0594 2.257
Transformer 0.5419± 0.1084 0.9486± 0.0199 0.5297± 0.0909 −2.251

Average 0.472 0.8961 0.5004 16.306

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Appendix H. Ablation: Causal vs.
Non-causal
Self-Attention

We investigated the impact of self-attention direc-
tionality (non-causal vs. causal) on the performance
of the Transformer used in this study.

Configuration. In the causal variant, a strict
lower-triangular mask was applied to the self-
attention in each layer, allowing each time step t to
attend only to tokens at ≤ t. The architecture, pre-

processing, data splits, optimization procedures (in-
cluding learning rate schedules and batch sizes), and
windowing strategy were kept identical to the non-
causal variant. Evaluation was conducted on two
datasets (BMD-HS and Private) across three targets
(MR, AS, AR), and AUROC (mean ± standard de-
viation) was reported. Three training and evaluation
conditions were examined: “Real”, where training
and evaluation were performed on real data; “Syn”,
where both training and evaluation used synthetic
data; and “SynrightarrowReal”, where training was
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Table 35: MR PCG Classification Result (Private / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.7584± 0.1244 0.1421± 0.0809 0.8014± 0.0469 5.670
EfficientNet-B1 0.8471± 0.1675 0.3875± 0.2763 0.7331± 0.0895 −13.458
GRU 0.6090± 0.1338 0.0721± 0.0136 0.6541± 0.0656 7.406
LSTM 0.5436± 0.1314 0.1454± 0.0515 0.6561± 0.0500 20.695
ResNet18 0.6010± 0.1100 0.0726± 0.0239 0.6257± 0.0635 4.110
ResNet34 0.6118± 0.1786 0.1038± 0.0209 0.6586± 0.0851 7.650
ResNet50 0.6060± 0.1423 0.1224± 0.0496 0.6465± 0.0605 6.683
Transformer 0.5228± 0.0860 0.0795± 0.0183 0.5320± 0.0818 1.760

Average 0.6375 0.1407 0.6634 5.064

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 36: MR PCG Classification Result (Private / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.0990± 0.0496 0.0905± 0.0029 0.1816± 0.0126 83.434
EfficientNet-B1 0.0735± 0.0601 0.0934± 0.0059 0.1600± 0.0258 117.687
GRU 0.1112± 0.0150 0.0893± 0.0009 0.1151± 0.0144 3.507
LSTM 0.1084± 0.0085 0.0899± 0.0020 0.1013± 0.0098 −6.550
ResNet18 0.1092± 0.0085 0.0879± 0.0019 0.1161± 0.0117 6.319
ResNet34 0.1118± 0.0084 0.0892± 0.0011 0.1341± 0.0095 19.946
ResNet50 0.1177± 0.0111 0.0894± 0.0014 0.1310± 0.0180 11.300
Transformer 0.0968± 0.0049 0.0889± 0.0017 0.0968± 0.0011 0.000

Average 0.1034 0.0898 0.1295 29.456

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

conducted on synthetic data and evaluation on real
data.

Results. The results are summarized in Table 58.
Under the “Real” condition, differences between the
two variants were minimal, with AUROC differ-
ences less than 0.01 across all tasks and datasets.
In the “SynrightarrowReal” condition, MR showed
consistent improvement (BMD-HS: +0.055, Private:
+0.024), AS exhibited dataset-dependent behavior
(−0.019 for BMD-HS, +0.012 for Private), and AR
demonstrated small and inconsistent changes (+0.020

for BMD-HS, −0.008 for Private). Under the “Syn”
condition, notable improvements were observed for
MR (approximately +0.10 on both datasets), while
degradation was seen for AS on BMD-HS.
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Table 37: MR PCG Classification Result (Private / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.9274± 0.0078 0.9364± 0.0122 0.9404± 0.0061 1.402
EfficientNet-B1 0.9221± 0.0103 0.9413± 0.0190 0.9402± 0.0054 1.963
GRU 0.9332± 0.0099 0.9503± 0.0056 0.9287± 0.0087 −0.482
LSTM 0.9336± 0.0092 0.9361± 0.0124 0.9223± 0.0058 −1.210
ResNet18 0.9286± 0.0054 0.9282± 0.0246 0.9320± 0.0069 0.366
ResNet34 0.9311± 0.0103 0.9379± 0.0095 0.9406± 0.0093 1.020
ResNet50 0.9347± 0.0085 0.9355± 0.0060 0.9384± 0.0072 0.396
Transformer 0.9241± 0.0070 0.9416± 0.0171 0.9232± 0.0028 −0.097

Average 0.9294 0.9384 0.9332 0.420

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) ResNet50 (“Real”) (b) ResNet50
(“Syn→Real”)

(c) EfficientNet-B0
(“Real”)

(d) EfficientNet-B0
(“Syn→Real”)

Figure 11: Confusion matrices for the model architectures (ResNet50 and EfficientNet-B0) that achieved the
highest AUROC in MR classification using the private dataset under “Real” and “Syn→Real”
conditions, respectively. The values represent the sum of results across five independent trials on
the test set.

Appendix I. Details of the Human
Evaluation

I.1. Auditory Quality Assessment

The human evaluation results, shown in Figure 14,
demonstrate nuanced perceptual characteristics of
synthetic PCG signals across cardiac conditions.
While real-world normal heart sounds received sig-
nificantly higher naturalness ratings (4.44 vs 3.58
for synthetic), this pattern reversed in pathologi-
cal cases: synthetic samples for AS, AR, and MR
achieved marginally higher naturalness scores (AS:
3.96 vs 3.62; AR: 3.98 vs 3.67; MR: 3.84 vs 3.64) than
their real counterparts. This paradoxical improve-

ment in perceived quality for synthetic pathological
signals may reflect either enhanced acoustic regular-
ity in synthesized murmurs or potential confounding
from clinical expectations of “cleaner” pathological
signatures. The binary classification results corrob-
orate this pattern, with synthetic AS signals prov-
ing most challenging to distinguish (45% discrimina-
tion accuracy, approaching chance levels), followed by
AR and MR (54 − 55% accuracy). Notably, normal
heart sounds showed higher discriminability (61% ac-
curacy), suggesting synthetic normals retain subtle
artifacts perceptible to experts. Across all condi-
tions, substantial false positive rates (34−48% of syn-
thetic samples misclassified as real) indicate clinically
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Table 38: AS PCG Classification Result (Private / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.7711± 0.1731 0.6850± 0.0204 0.8761± 0.0092 13.617
EfficientNet-B1 0.7939± 0.1622 0.6682± 0.0987 0.8816± 0.0179 11.047
GRU 0.8357± 0.1176 0.5382± 0.0195 0.8917± 0.0168 6.701
LSTM 0.8139± 0.0927 0.5247± 0.0274 0.8570± 0.0215 5.295
ResNet18 0.7844± 0.0150 0.5847± 0.0146 0.7922± 0.0133 0.994
ResNet34 0.8145± 0.0084 0.6021± 0.0232 0.8359± 0.0133 2.627
ResNet50 0.7907± 0.0248 0.6055± 0.0260 0.8078± 0.0202 2.163
Transformer 0.5818± 0.0283 0.5978± 0.0295 0.6659± 0.0309 14.455

Average 0.7732 0.6008 0.826 7.112

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 39: AS PCG Classification Result (Private / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.2910± 0.1638 0.1200± 0.0131 0.3606± 0.0502 23.918
EfficientNet-B1 0.3035± 0.1717 0.1141± 0.0111 0.3492± 0.0328 15.058
GRU 0.2718± 0.0946 0.1022± 0.0034 0.3273± 0.0514 20.419
LSTM 0.2373± 0.0674 0.1055± 0.0040 0.2851± 0.0341 20.143
ResNet18 0.2526± 0.0510 0.1004± 0.0014 0.2466± 0.0444 −2.375
ResNet34 0.2660± 0.0300 0.1060± 0.0055 0.3165± 0.0265 18.985
ResNet50 0.2763± 0.0590 0.1047± 0.0046 0.2936± 0.0478 6.261
Transformer 0.1103± 0.0116 0.1020± 0.0056 0.1469± 0.0135 33.182

Average 0.2511 0.1069 0.2907 16.949

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

meaningful realism. These findings collectively sug-
gest that while synthetic generation of normal heart
sounds requires refinement, the approach achieves
particular success in replicating pathological acous-
tics – a critical advancement given the diagnostic im-
portance of abnormal murmurs in cardiac assessment.

I.2. Evaluation with Inter-Rater Agreement

The main text reported aggregate totals across all 90
evaluations (Figure 3), which is useful for a compact

overview. In this appendix we report confusion ma-
trix with inter-rater agreement. Here, for each item,
we use the majority label of three raters as a predicted
label. The results are shown in Figure 15. The trend
of easy identification in Normal and difficult identifi-
cation in MR is consistent with the results presented
in the main body.
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Table 40: AS PCG Classification Result (Private / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.2784± 0.1297 0.0808± 0.0069 0.3640± 0.0299 30.747
EfficientNet-B1 0.2794± 0.1254 0.0919± 0.0264 0.3699± 0.0402 32.391
GRU 0.2973± 0.1203 0.0566± 0.0012 0.3975± 0.0363 33.703
LSTM 0.2855± 0.1177 0.0502± 0.0035 0.3278± 0.0552 14.816
ResNet18 0.3277± 0.0221 0.0639± 0.0027 0.3108± 0.0196 −5.157
ResNet34 0.3651± 0.0180 0.0685± 0.0057 0.3512± 0.0141 −3.807
ResNet50 0.3234± 0.0466 0.0652± 0.0044 0.3064± 0.0331 −5.257
Transformer 0.0680± 0.0095 0.0867± 0.0151 0.1220± 0.0402 79.412

Average 0.2781 0.0705 0.3187 22.106

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 41: AS PCG Classification Result (Private / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.4729± 0.2373 0.9059± 0.0357 0.6518± 0.0274 37.830
EfficientNet-B1 0.5200± 0.2624 0.9365± 0.0456 0.7035± 0.0417 35.288
GRU 0.7529± 0.0640 0.8847± 0.0336 0.7341± 0.0524 −2.497
LSTM 0.7412± 0.0414 0.8729± 0.0410 0.6941± 0.0595 −6.355
ResNet18 0.6306± 0.0540 0.9435± 0.0137 0.6094± 0.0753 −3.362
ResNet34 0.6588± 0.0288 0.9318± 0.0319 0.6824± 0.0258 3.582
ResNet50 0.6071± 0.0425 0.9224± 0.0253 0.6282± 0.0231 3.475
Transformer 0.4800± 0.0606 0.8212± 0.0368 0.4941± 0.0941 2.938

Average 0.6079 0.9024 0.6497 8.863

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

I.3. Visual Assessment through Spectral
Analysis

To further examine the quality of synthesized PCG
signals beyond auditory assessment, we conducted
visual comparisons between the generated and real
PCG samples using time-frequency analysis meth-
ods. We employed two widely-used signal processing
techniques: Continuous Wavelet Transform (CWT)
and Short-Time Fourier Transform (STFT). These
methods allowed us to visualize the time-frequency
characteristics of both real and synthesized PCG sig-

nals, enabling detailed comparison of their spectral
content and temporal patterns. The examples of vi-
sualized data is shown in Figure 16. By examining
the spectrograms and scalograms produced by STFT
and CWT respectively, we could evaluate how well
the synthesized PCG signals captured the essential
frequency components and temporal dynamics of real
heart sounds, including S1 and S2 characteristics and
their transitions.

The time-frequency analysis evaluation showed
consistent patterns across all cardiac conditions, with
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Table 42: AS PCG Classification Result (Private / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.9305± 0.0350 0.3003± 0.1041 0.8942± 0.0269 −3.901
EfficientNet-B1 0.9248± 0.0410 0.2333± 0.1164 0.8772± 0.0189 −5.147
GRU 0.7544± 0.1548 0.1934± 0.0431 0.8505± 0.0414 12.739
LSTM 0.7281± 0.1474 0.2309± 0.0636 0.8315± 0.0321 14.201
ResNet18 0.8140± 0.0596 0.1192± 0.0224 0.8152± 0.0628 0.147
ResNet34 0.8247± 0.0319 0.1791± 0.0673 0.8615± 0.0168 4.462
ResNet50 0.8467± 0.0443 0.1778± 0.0599 0.8575± 0.0296 1.276
Transformer 0.6224± 0.0446 0.2525± 0.0514 0.7246± 0.0651 16.420

Average 0.8057 0.2108 0.839 5.025

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 43: AS PCG Classification Result (Private / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.2103± 0.1061 0.0643± 0.0069 0.2513± 0.0414 19.496
EfficientNet-B1 0.2160± 0.1115 0.0608± 0.0058 0.2331± 0.0249 7.917
GRU 0.1704± 0.0610 0.0543± 0.0017 0.2135± 0.0419 25.293
LSTM 0.1434± 0.0406 0.0561± 0.0022 0.1804± 0.0242 25.802
ResNet18 0.1609± 0.0397 0.0530± 0.0007 0.1597± 0.0427 −0.746
ResNet34 0.1676± 0.0226 0.0562± 0.0029 0.2065± 0.0199 23.210
ResNet50 0.1817± 0.0461 0.0555± 0.0024 0.1928± 0.0358 6.109
Transformer 0.0624± 0.0060 0.0544± 0.0028 0.0872± 0.0098 39.744

Average 0.1641 0.0568 0.1906 18.353

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

evaluators generally demonstrating higher accuracy
in identifying real PCG signals compared to the au-
ditory assessment. For normal heart sounds, 43 out
of 45 real-world samples were correctly identified,
while 15 synthetic samples were classified as real-
world data, indicating that visual features made the
distinction more apparent than auditory cues alone.
Similar patterns were observed across pathological
conditions, with high accuracy in real-world sample
identification (MR: 42/45, AR: 40/45, AS: 43/45)
and relatively consistent rates of synthetic samples

being classified as real (MR: 12, AR: 12, AS: 13).
This contrasts with the auditory evaluation where AS
samples showed the lowest discriminative ability - in
the visual assessment, experts maintained high ac-
curacy across all conditions. These results suggest
that while our synthetic PCG signals achieve consid-
erable acoustic similarity to real samples, their time-
frequency characteristics reveal more distinguishable
patterns, particularly when examined through CWT
and STFT visualizations.
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Table 44: AS PCG Classification Result (Private / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.9718± 0.0108 0.9835± 0.0036 0.9800± 0.0016 0.844
EfficientNet-B1 0.9743± 0.0121 0.9867± 0.0039 0.9827± 0.0023 0.862
GRU 0.9818± 0.0083 0.9698± 0.0056 0.9840± 0.0026 0.224
LSTM 0.9811± 0.0043 0.9722± 0.0030 0.9812± 0.0032 0.010
ResNet18 0.9769± 0.0022 0.9759± 0.0027 0.9758± 0.0027 −0.113
ResNet34 0.9789± 0.0013 0.9809± 0.0031 0.9811± 0.0015 0.225
ResNet50 0.9763± 0.0023 0.9775± 0.0014 0.9778± 0.0017 0.154
Transformer 0.9582± 0.0033 0.9638± 0.0064 0.9651± 0.0037 0.720

Average 0.9749 0.9763 0.9785 0.366

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) ResNet34 (“Real”) (b) ResNet34
(“Syn→Real”)

(c) EfficientNet-B1
(“Real”)

(d) EfficientNet-B1
(“Syn→Real”)

Figure 12: Confusion matrices for the model architectures (ResNet34 and EfficientNet-B1) that achieved
the highest AUROC in AS classification using the private dataset under “Real” and “Syn→Real”
conditions, respectively. The values represent the sum of results across five independent trials on
the test set.

Appendix J. Quantitative Similarity
Between Real and
Synthetic PCG Data

Data and preprocessing. To quantify the simi-
larity between real and synthetic PCG signals, we
assembled 1, 500 recordings in total. The real co-
hort comprised 1, 000 recordings: 500 randomly sam-
pled from the BMD-HS dataset and 500 from our
private dataset. The synthetic cohort comprised 500
recordings, with 125 samples each generated for Nor-
mal, aortic stenosis (AS), aortic regurgitation (AR),
and mitral regurgitation (MR) conditions. All signals

were resampled to 4, 000Hz and trimmed to a fixed
10-s duration prior to analysis.

Feature extraction. From every recording we ex-
tracted 10 scalar features intended to capture both
temporal and spectral characteristics of heart sounds.
Time-domain features (7) were: mean, standard de-
viation, skewness, kurtosis, maximum, minimum,
and root-mean-square (RMS). Frequency-domain fea-
tures (3) were: spectral centroid, spectral spread, and
spectral entropy.

Distributional comparison. For each feature di-
mension (e.g., mean, standard deviation), we approx-
imated the empirical marginal distribution of feature
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Table 45: AR PCG Classification Result (Private / AUROC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.5490± 0.0600 0.4731± 0.0412 0.5352± 0.0582 −2.514
EfficientNet-B1 0.5613± 0.0251 0.4958± 0.0266 0.6200± 0.0432 10.458
GRU 0.5978± 0.0490 0.5105± 0.0062 0.6598± 0.0088 10.371
LSTM 0.5638± 0.0231 0.5047± 0.0145 0.6453± 0.0408 14.456
ResNet18 0.5673± 0.0537 0.5599± 0.0121 0.6542± 0.0369 15.318
ResNet34 0.5754± 0.0597 0.5502± 0.0215 0.6509± 0.0199 13.121
ResNet50 0.5736± 0.0500 0.5505± 0.0335 0.5884± 0.0621 2.580
Transformer 0.5448± 0.0140 0.4995± 0.0486 0.5787± 0.0218 6.223

Average 0.5666 0.5180 0.6166 8.752

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 46: AR PCG Classification Result (Private / F1-score)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.1009± 0.0495 0.0882± 0.0519 0.0846± 0.0559 −16.155
EfficientNet-B1 0.0893± 0.0548 0.0860± 0.0427 0.1490± 0.0237 66.853
GRU 0.1213± 0.0415 0.1158± 0.0049 0.1593± 0.0075 31.327
LSTM 0.1233± 0.0135 0.1158± 0.0070 0.1619± 0.0337 31.306
ResNet18 0.1214± 0.0232 0.1190± 0.0019 0.1621± 0.0145 33.526
ResNet34 0.1245± 0.0333 0.1202± 0.0019 0.1650± 0.0146 32.530
ResNet50 0.1279± 0.0329 0.1179± 0.0050 0.1240± 0.0442 −3.049
Transformer 0.1096± 0.0134 0.1062± 0.0218 0.1256± 0.0204 14.598

Average 0.1148 0.1086 0.1414 23.867

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

values within each dataset (BMD-HS, Private, Syn-
thetic) using histograms, and then computed pairwise
distances between the corresponding histograms.

Four complementary metrics were used:

• Total variation distance (TVD): measures the
separation between two probability distributions
(range 0–1; equivalently, one half of the L1 dis-
tance between the normalized histograms).

• Kullback–Leibler (KL) divergence: quantifies
the information loss when one distribution is
used to approximate another.

• L1 norm: Manhattan distance between the dis-
tributions.

• L2 norm: Euclidean distance between the distri-
butions.

• Fréchet Audio Distance (FAD): quantifies the
distance between audio distributions by comput-
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Table 47: AR PCG Classification Result (Private / AUPRC)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.0769± 0.0158 0.0563± 0.0030 0.0757± 0.0222 −1.560
EfficientNet-B1 0.0745± 0.0073 0.0671± 0.0093 0.0956± 0.0256 28.322
GRU 0.0909± 0.0320 0.0618± 0.0009 0.1367± 0.0197 50.385
LSTM 0.0694± 0.0047 0.0631± 0.0022 0.1116± 0.0175 60.807
ResNet18 0.0835± 0.0258 0.0778± 0.0037 0.1017± 0.0264 21.796
ResNet34 0.0843± 0.0189 0.0768± 0.0100 0.1120± 0.0090 32.859
ResNet50 0.0765± 0.0173 0.0741± 0.0090 0.0833± 0.0216 8.889
Transformer 0.0673± 0.0031 0.0678± 0.0119 0.0794± 0.0111 17.979

Average 0.0779 0.0681 0.0995 27.435

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 48: AR PCG Classification Result (Private / Sensitivity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.1794± 0.1163 0.4280± 0.3253 0.1570± 0.1300 −12.486
EfficientNet-B1 0.1720± 0.1130 0.5028± 0.4197 0.2953± 0.0563 71.686
GRU 0.3346± 0.1577 0.5290± 0.0894 0.4467± 0.1339 33.503
LSTM 0.4262± 0.0850 0.5944± 0.0765 0.4168± 0.1206 −2.205
ResNet18 0.3925± 0.0731 0.9477± 0.0210 0.6280± 0.1537 60.000
ResNet34 0.3589± 0.2347 0.9290± 0.0403 0.5869± 0.0520 63.527
ResNet50 0.2841± 0.1132 0.8804± 0.0765 0.3159± 0.1387 11.193
Transformer 0.3664± 0.1491 0.5813± 0.2523 0.4056± 0.1204 10.699

Average 0.3143 0.6741 0.4065 29.490

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

ing the Fréchet distance between feature embed-
dings extracted using VGGish (Hershey et al.
(2017)).

For each metric we averaged the distances across the
10 feature dimensions to obtain a single summary
value per dataset pair.

Results. Table 59 summarizes the average dis-
tances between the two real-world datasets and be-
tween each real dataset and the synthetic data (lower
is closer).

Interpretation. Across three of the four metrics
(TVD= 0.44, KL= 1.60, L1= 0.87), the synthe-
sized data are closer to BMD-HS than to the private
dataset. L2 distances are of comparable magnitude
across all comparisons (0.23–0.35), with the small-
est value observed for private vs synthesized dataset
(0.23), and FAD was smallest between the private and
synthesized dataset. Notably, the distance between
the two real datasets (BMD-HS vs Private) is con-
sistently larger than either real-vs-synthesized com-
parison across all metrics (TVD= 0.66, KL= 3.75,
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Table 49: AR PCG Classification Result (Private / Specificity)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.8684± 0.0634 0.5695± 0.3197 0.8794± 0.0811 1.267
EfficientNet-B1 0.8653± 0.0890 0.4876± 0.3992 0.8232± 0.0229 −4.865
GRU 0.7468± 0.1123 0.4958± 0.0773 0.7230± 0.1036 −3.187
LSTM 0.6344± 0.0791 0.4219± 0.0741 0.7558± 0.0480 19.136
ResNet18 0.6562± 0.0723 0.0680± 0.0339 0.5892± 0.1236 −10.210
ResNet34 0.7408± 0.1813 0.0982± 0.0407 0.6299± 0.0449 −14.970
ResNet50 0.7993± 0.0632 0.1312± 0.0567 0.7730± 0.0777 −3.290
Transformer 0.6602± 0.1256 0.4046± 0.2063 0.6720± 0.0616 1.787

Average 0.7464 0.3346 0.7307 −1.792

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

Table 50: AR PCG Classification Result (Private / PPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.0757± 0.0221 0.0507± 0.0266 0.0610± 0.0328 −19.419
EfficientNet-B1 0.0627± 0.0335 0.0528± 0.0169 0.1000± 0.0133 59.490
GRU 0.0778± 0.0168 0.0652± 0.0015 0.1014± 0.0120 30.334
LSTM 0.0725± 0.0071 0.0643± 0.0036 0.1011± 0.0178 39.448
ResNet18 0.0724± 0.0142 0.0635± 0.0010 0.0943± 0.0094 30.249
ResNet34 0.0881± 0.0133 0.0643± 0.0009 0.0962± 0.0085 9.194
ResNet50 0.0843± 0.0166 0.0632± 0.0022 0.0794± 0.0188 −5.813
Transformer 0.0661± 0.0028 0.0590± 0.0093 0.0747± 0.0088 13.011

Average 0.075 0.0604 0.0885 19.562

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

L1= 1.33, L2= 0.35, FAD= 17.26). Taken together,
these results indicate that the synthetic PCG data
reproduce key statistical and spectral characteristics
of real PCG signals and fall within the natural vari-
ability observed across real-world datasets under the
features and metrics considered.

Appendix K. Zero-Shot Transfer
Evaluation of Synthetic
PCG Data

This appendix evaluates the extent to which synthetic
PCG data preserves disease-specific discriminative
structures under zero-shot transfer settings, specif-
ically Train-on-Synthetic-Test-on-Real (TSTR) and
Train-on-Real-Test-on-Synthetic (TRTS). The objec-
tive here is to assess whether synthetic data gener-
alizes directly to clinical data without fine-tuning,
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Table 51: AR PCG Classification Result (Private / NPV)

Architecture a. Real b. Syn c. Syn→Real Gain (%)*

n function generated† 0 10, 000 10, 000 -
n real-world 5, 459 0 5, 459 -

EfficientNet-B0 0.9410± 0.0046 0.9410± 0.0124 0.9403± 0.0046 −0.074
EfficientNet-B1 0.9402± 0.0026 0.9459± 0.0205 0.9461± 0.0034 0.627
GRU 0.9444± 0.0061 0.9407± 0.0021 0.9521± 0.0043 0.815
LSTM 0.9431± 0.0042 0.9398± 0.0051 0.9515± 0.0075 0.891
ResNet18 0.9417± 0.0058 0.9473± 0.0095 0.9613± 0.0093 2.081
ResNet34 0.9472± 0.0071 0.9550± 0.0105 0.9582± 0.0036 1.161
ResNet50 0.9440± 0.0048 0.9479± 0.0187 0.9447± 0.0056 0.074
Transformer 0.9404± 0.0029 0.9384± 0.0086 0.9449± 0.0062 0.478

Average 0.9428 0.9445 0.9499 0.757

* The relative improvement from “Real” to “Syn→Real”, calculated as (c− a)/a× 100.
† The total number of synthesized and real-world data used for training the model, respectively.

(a) ResNet34 (“Real”) (b) ResNet34
(“Syn→Real”)

(c) ResNet18 (“Real”) (d) ResNet18
(“Syn→Real”)

Figure 13: Confusion matrices for the model architectures (ResNet34 and ResNet18) that achieved the high-
est AUROC in AR classification using the private dataset under “Real” and “Syn→Real” condi-
tions, respectively. The values represent the sum of results across five independent trials on the
test set.

which represents a distinct evaluation axis from the
main findings presented in the manuscript, where
synthetic data pre-training followed by real data fine-
tuning demonstrated performance improvements.

Preprocessing, Models, and Training Condi-
tions Acoustic preprocessing and input representa-
tions were identical to those employed in the down-
stream classification experiments described in the
main manuscript. Eight distinct deep neural net-
work (DNN) architectures, used in main body, were
adopted. For each condition, AUROC was computed
for each model, and the mean AUROC across the
eight models is reported. For TSTR, models were
trained exclusively on synthetic data (with training

and validation performed within the synthetic do-
main) and directly evaluated on the test set of real
data. For TRTS, models were trained exclusively
on real data (with training and validation performed
within the real domain) and directly evaluated on the
test set of synthetic data. Critically, neither setting
utilized any data, statistics, or hyperparameter tun-
ing information from the target (evaluation) domain.
That is, no fine-tuning or domain adaptation was per-
formed, thus evaluating pure zero-shot transfer.

Results The results are shown in Table 60. In sum-
mary, AUROC values remained around 0.50 across
most conditions, indicating limited discriminative
performance under zero-shot transfer. The excep-
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Table 52: BMD-HS / MR / AUROC (Extended from Table 10). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.5686 ± 0.1055 0.5000 ± 0.0000 0.6945 ± 0.0338 0.5914 ± 0.1588 0.7012 ± 0.0424
ResNet34 0.5841 ± 0.1085 0.5066 ± 0.0148 0.7333 ± 0.0521 0.6334 ± 0.0751 0.7295 ± 0.0307
ResNet50 0.5479 ± 0.0920 0.5027 ± 0.0040 0.7086 ± 0.0563 0.5249 ± 0.0767 0.6929 ± 0.0429
EffNetB0 0.5230 ± 0.1177 0.5368 ± 0.0426 0.7388 ± 0.0389 0.6469 ± 0.0747 0.7393 ± 0.0263
EffNetB1 0.4825 ± 0.0354 0.5095 ± 0.0649 0.7297 ± 0.1242 0.5759 ± 0.0839 0.7017 ± 0.1140
GRU 0.7405 ± 0.0273 0.5975 ± 0.0406 0.5770 ± 0.1042 0.7539 ± 0.0147 0.7549 ± 0.0437
LSTM 0.7291 ± 0.0268 0.5551 ± 0.0854 0.7166 ± 0.0118 0.7379 ± 0.0119 0.7338 ± 0.0222
Transformer 0.6787 ± 0.1112 0.5050 ± 0.0525 0.6182 ± 0.0539 0.7133 ± 0.0179 0.6392 ± 0.0498

Mean 0.6068 0.5267 0.6896 0.6472 0.7116

Table 53: BMD-HS / AS / AUROC (Extended from Table 17). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.7165 ± 0.0351 0.5000 ± 0.0000 0.7857 ± 0.0074 0.8200 ± 0.0096 0.8284 ± 0.0078
ResNet34 0.6904 ± 0.1511 0.5000 ± 0.0000 0.7833 ± 0.0217 0.8356 ± 0.0099 0.8277 ± 0.0149
ResNet50 0.7730 ± 0.0644 0.4932 ± 0.0050 0.7950 ± 0.0149 0.8293 ± 0.0063 0.8234 ± 0.0130
EffNetB0 0.6454 ± 0.1578 0.5281 ± 0.0435 0.8380 ± 0.0097 0.8508 ± 0.0149 0.8639 ± 0.0120
EffNetB1 0.5351 ± 0.1477 0.5421 ± 0.0602 0.8177 ± 0.0218 0.8439 ± 0.0231 0.8677 ± 0.0135
GRU 0.7648 ± 0.0525 0.4460 ± 0.0324 0.8296 ± 0.0178 0.8307 ± 0.0143 0.8385 ± 0.0107
LSTM 0.7434 ± 0.0743 0.4388 ± 0.0478 0.7937 ± 0.0494 0.8123 ± 0.0139 0.8136 ± 0.0095
Transformer 0.6785 ± 0.0281 0.6287 ± 0.0482 0.6699 ± 0.0556 0.7092 ± 0.0412 0.7294 ± 0.0322

Mean 0.6934 0.5096 0.7891 0.8165 0.8241

Figure 14: Naturalness of real-world and synthesized data evaluated by human.

tion was AS on Private dataset under TSTR, which
showed a modest elevation to 0.6008; however, this
level of performance is insufficient for clinical gener-
alization.

Discussion These results suggest that disease-
specific features (e.g., systolic timing of murmurs and
envelope morphology) are not sufficiently aligned be-
tween synthetic and real domains under zero-shot
synthetic-to-real and real-to-synthetic transfer. How-
ever, the principal conclusion presented in the main
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Table 54: BMD-HS / AR / AUROC (Extended from Table 24). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.6573 ± 0.1774 0.4209 ± 0.0200 0.7193 ± 0.1641 0.8325 ± 0.0282 0.8011 ± 0.0466
ResNet34 0.6968 ± 0.1268 0.4201 ± 0.0419 0.8105 ± 0.0346 0.8331 ± 0.0302 0.8139 ± 0.0248
ResNet50 0.7393 ± 0.1626 0.4957 ± 0.0445 0.7924 ± 0.1045 0.8414 ± 0.0128 0.8157 ± 0.0408
EffNetB0 0.5545 ± 0.0402 0.4818 ± 0.1413 0.7903 ± 0.0500 0.8009 ± 0.0376 0.8236 ± 0.0288
EffNetB1 0.5813 ± 0.1164 0.4628 ± 0.0711 0.7428 ± 0.0364 0.7172 ± 0.1550 0.8066 ± 0.0180
GRU 0.6706 ± 0.1306 0.5889 ± 0.0224 0.6956 ± 0.0537 0.6695 ± 0.0822 0.7831 ± 0.0283
LSTM 0.6026 ± 0.0854 0.5833 ± 0.0502 0.7682 ± 0.0630 0.6412 ± 0.0427 0.7943 ± 0.0221
Transformer 0.5667 ± 0.0611 0.5329 ± 0.0759 0.5737 ± 0.0930 0.5963 ± 0.0133 0.6434 ± 0.0342

Mean 0.6336 0.4983 0.7336 0.7415 0.7852

Table 55: Private / MR / AUROC (Extended from Table 31). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.5793 ± 0.0197 0.5172 ± 0.0054 0.5984 ± 0.0433 0.5845 ± 0.0370 0.6122 ± 0.0212
ResNet34 0.5888 ± 0.0169 0.5221 ± 0.0153 0.6483 ± 0.0199 0.5890 ± 0.0184 0.6440 ± 0.0220
ResNet50 0.6110 ± 0.0175 0.5152 ± 0.0163 0.6247 ± 0.0386 0.6024 ± 0.0264 0.6173 ± 0.0145
EffNetB0 0.5655 ± 0.0692 0.5249 ± 0.0182 0.6835 ± 0.0133 0.5784 ± 0.0550 0.6869 ± 0.0136
EffNetB1 0.5612 ± 0.0605 0.5365 ± 0.0091 0.6748 ± 0.0539 0.5639 ± 0.0937 0.6842 ± 0.0458
GRU 0.6093 ± 0.0283 0.5330 ± 0.0169 0.5931 ± 0.0557 0.6034 ± 0.0342 0.6267 ± 0.0205
LSTM 0.5900 ± 0.0273 0.5119 ± 0.0119 0.5599 ± 0.0372 0.5840 ± 0.0299 0.5887 ± 0.0450
Transformer 0.5492 ± 0.0363 0.4775 ± 0.0156 0.5472 ± 0.0074 0.5705 ± 0.0178 0.5416 ± 0.0206

Mean 0.5818 0.5173 0.6162 0.5845 0.6252

(a) Normal (b) AS (c) AR (d) MR

Figure 15: Results of inter-rater human evaluation for each PCG class.

manuscript concerns the utility of synthetic data pre-
training for subsequent fine-tuning on real data. The
low zero-shot performance observed in this appendix
does not negate the efficacy of pre-training. In the
transfer learning literature, it is well established that
even partially misaligned domains can facilitate opti-
mization during fine-tuning through the acquisition
of low-level acoustic representations and favorable
initialization. This interpretation is consistent with
the behavior observed in our study. Thus, these find-

ings clarify both the limitations and utility of syn-
thetic PCG data: while synthetic data are beneficial
for learning distributional properties and low-level
representations, they are insufficient for generalizing
disease-specific discrimination without fine-tuning.
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Table 56: Private / AS / AUROC (Extended from Table 38). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.7844 ± 0.0150 0.5847 ± 0.0146 0.7922 ± 0.0133 0.7698 ± 0.0234 0.7930 ± 0.0145
ResNet34 0.8145 ± 0.0084 0.6021 ± 0.0232 0.8359 ± 0.0133 0.8050 ± 0.0177 0.8374 ± 0.0176
ResNet50 0.7907 ± 0.0248 0.6055 ± 0.0260 0.8078 ± 0.0202 0.7881 ± 0.0208 0.8068 ± 0.0270
EffNetB0 0.7711 ± 0.1731 0.6850 ± 0.0204 0.8761 ± 0.0092 0.8468 ± 0.0229 0.8690 ± 0.0146
EffNetB1 0.7939 ± 0.1622 0.6682 ± 0.0987 0.8816 ± 0.0179 0.8785 ± 0.0065 0.8792 ± 0.0144
GRU 0.8357 ± 0.1176 0.5382 ± 0.0195 0.8917 ± 0.0168 0.8914 ± 0.0146 0.8933 ± 0.0129
LSTM 0.8139 ± 0.0927 0.5247 ± 0.0274 0.8570 ± 0.0215 0.8339 ± 0.0318 0.8530 ± 0.0146
Transformer 0.5818 ± 0.0283 0.5978 ± 0.0295 0.6659 ± 0.0309 0.6022 ± 0.0388 0.6509 ± 0.0240

Mean 0.7322 0.6008 0.8260 0.8020 0.8288

Table 57: Private / AR / AUROC (Extended from Table 45). Mean ± SD across runs.

Model Real Syn Syn→Real Real→Real Syn→Real→Real

ResNet18 0.5673 ± 0.0537 0.5599 ± 0.0121 0.6542 ± 0.0369 0.6022 ± 0.0500 0.6616 ± 0.0249
ResNet34 0.5754 ± 0.0597 0.5502 ± 0.0215 0.6509 ± 0.0199 0.5823 ± 0.0382 0.6433 ± 0.0359
ResNet50 0.5736 ± 0.0500 0.5505 ± 0.0335 0.5884 ± 0.0621 0.5568 ± 0.0398 0.6116 ± 0.0557
EffNetB0 0.5490 ± 0.0600 0.4731 ± 0.0412 0.5352 ± 0.0582 0.5781 ± 0.0582 0.6014 ± 0.0272
EffNetB1 0.5613 ± 0.0251 0.4958 ± 0.0266 0.6200 ± 0.0432 0.6006 ± 0.0179 0.6016 ± 0.0226
GRU 0.5978 ± 0.0490 0.5105 ± 0.0062 0.6598 ± 0.0088 0.6127 ± 0.0375 0.6493 ± 0.0236
LSTM 0.5638 ± 0.0231 0.5047 ± 0.0145 0.6453 ± 0.0408 0.5753 ± 0.0391 0.6341 ± 0.0405
Transformer 0.5448 ± 0.0140 0.4995 ± 0.0486 0.5787 ± 0.0218 0.5596 ± 0.0168 0.5773 ± 0.0138

Mean 0.5666 0.5180 0.6166 0.5834 0.6225

Table 58: Causal vs. Non-causal Transformer (AUROC, mean ± SD).

Dataset Target Causal/Non-causal Real Syn Syn→Real

BMD-HS

MR
Non-causal 0.6787 ± 0.1112 0.5050 ± 0.0525 0.6182 ± 0.0539

Causal 0.6708 ± 0.1155 0.6037 ± 0.0805 0.6732 ± 0.0768

AS
Non-causal 0.6785 ± 0.0281 0.6287 ± 0.0482 0.6699 ± 0.0556

Causal 0.6771 ± 0.0274 0.5798 ± 0.0865 0.6508 ± 0.0415

AR
Non-causal 0.5667 ± 0.0611 0.5329 ± 0.0759 0.5737 ± 0.0930

Causal 0.5640 ± 0.0549 0.5489 ± 0.0760 0.5939 ± 0.0900

Private

MR
Non-causal 0.5492 ± 0.0363 0.4775 ± 0.0156 0.5472 ± 0.0074

Causal 0.5511 ± 0.0395 0.5763 ± 0.0280 0.5713 ± 0.0368

AS
Non-causal 0.5818 ± 0.0283 0.5978 ± 0.0295 0.6659 ± 0.0309

Causal 0.5763 ± 0.0280 0.6138 ± 0.0383 0.6782 ± 0.0208

AR
Non-causal 0.5448 ± 0.0140 0.4995 ± 0.0486 0.5787 ± 0.0218

Causal 0.5481 ± 0.0157 0.4975 ± 0.0537 0.5710 ± 0.0200
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(a) Real-world

(b) Synthesized

Figure 16: Examples of visualized data used for human evaluation.

(a) Normal (b) AS (c) AR (d) MR

Figure 17: Results of human evaluation for each PCG class given visualized data.
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Table 59: Average distributional distances between datasets (averaged over 10 features).

BMD-HS vs Private BMD-HS vs Synthesized Private vs Synthesized

TVD 0.66 0.44 0.53
KL divergence 3.75 1.60 3.56
L1 norm 1.33 0.87 1.07
L2 norm 0.35 0.25 0.23
FAD 17.26 17.22 16.85

Table 60: Mean AUROC across eight models for TSTR and TRTS conditions.

Dataset Target TSTR∗ TRTS

BMD-HS
AR 0.4983 0.5036
AS 0.5096 0.5035
MR 0.5267 0.5011

Private
AR 0.5180 0.5101
AS 0.6008 0.5372
MR 0.5173 0.5016

* Equivalent to “Syn” setting. The values
are from Tables 10, 17, 24, 31, 38 and
45.
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