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Abstract. Heart murmur detection is critical for early diagnosis of car-
diovascular conditions. However, existing automated methods typically
operate at the recording level and lack interpretability regarding murmur
timing and location, limiting their clinical utility. To address this gap, we
propose the Physiology-Aligned Hierarchical Network (PAHNet), a novel
hierarchical framework that explicitly models heart sounds across mul-
tiple physiological scales: cardiac phases, cycles, and auscultation sites.
With a patient-level supervision strategy, PAHNet enables coarse in-
ference of murmur-relevant phases and sites, improving interpretability.
Experiments on the CirCor DigiScope data demonstrate that PAHNet
achieves state-of-the-art performance in murmur detection while provid-
ing clinically interpretable insights without fine-grained annotations.
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1 Introduction

Heart sounds are generated by the vibrations of cardiac structures during each
cardiac cycle, with the first (S1) and second (S2) sounds marking the bound-
aries of systole and diastole [1]. Heart murmurs are abnormal heart sounds that
can indicate underlying cardiovascular disease, making their timely and accurate
detection essential for diagnosis [3]. Traditional auscultation requires expert in-
terpretation of phonocardiogram (PCG) recordings, making it labor-intensive
and susceptible to inter-observer variability [4]. These limitations motivate a
growing interest in automated heart murmur detection.

Existing automated methods can be broadly categorized into machine learn-
ing (ML) and deep learning (DL) approaches. ML-based methods typically clas-
sify handcrafted features extracted from PCG recordings using algorithms such
as k-nearest neighbors [5, 12|, support vector machines [14, 17|, or ensemble mod-
els [10,13]. In contrast, DL-based methods operate directly on raw or minimally
processed PCG signals using architectures such as convolutional neural networks
[2,6,15] and recurrent neural networks [7,18]. Although effective in identifying
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the presence of murmurs, existing approaches do not provide information about
their timing (cardiac phase) and location (auscultation site), limiting the inter-
pretability and clinical utility of predictions. Furthermore, most existing methods
focus on recording-level analysis instead of the patient-level diagnosis required in
clinical practice. By relying solely on individual recordings, they are susceptible
to noise and artifacts, affected by label-task mismatch, and unable to integrate
information from multiple auscultation sites, which is essential for robust and
clinically meaningful murmur detection.

To overcome these limitations, we propose a Physiology-Aligned Hierarchical
Network (PAHNet) for heart murmur detection. PAHNet explicitly models heart
sounds across multiple physiological scales, including cardiac phase, cycle, and
auscultation site, enabling structured aggregation of information that reflects
the underlying cardiac physiology. Trained with only patient-level supervision,
PAHNet effectively leverages this weak supervision through two key compo-
nents: a phase-aware feature fusion (PAFF) module that aggregates information
across cardiac phases, and a site-aware prediction fusion (SAPF) module that
integrates predictions from multiple auscultation sites. In addition, a patient-
level supervision strategy is introduced to guide the learning of murmur-related
cardiac phases and auscultation sites. Through attention-based fusion and the
patient-level supervision strategy, PAHNet supports coarse inference of which
cardiac phases and auscultation sites are most indicative of a murmur, provid-
ing clinically interpretable insights without requiring fine-grained annotations.

Experiments on the CirCor DigiScope dataset [8,11], the largest publicly
available heart sound data featuring multi-site PCG recording, demonstrate that
PAHNet not only improves patient-level murmur detection performance but also
provides clinically meaningful insights into the model’s decision-making process
by coarsely inferring murmur-relevant cardiac phases and auscultation sites.

In conclusion, our contributions are summarized as follows:

1. We propose the Physiology-Aligned Hierarchical Network (PAHNet) for heart
murmur detection, a framework that explicitly models heart sounds at the
level of cardiac phase, cycle, and auscultation site, enabling structured in-
formation aggregation across multiple physiological scales.

2. We introduce a patient-level supervision strategy that allows coarse infer-
ence of murmur-relevant cardiac phases and auscultation sites, improving
the interpretability of patient-level predictions.

3. We demonstrate improved heart murmur detection performance on the Cir-
Cor DigiScope data and show that our model provides clinically interpretable
insights by identifying murmur-relevant cardiac phases and auscultation sites.

2 Methodology

The proposed Physiology-Aligned Hierarchical Network (PAHNet) is illustrated
in Fig. 1. PAHNet follows the physiological hierarchy of cardiac auscultation
through four sequential stages: phase-level feature encoding, phase-aware feature
fusion within each cardiac cycle, cycle-level temporal modeling using a Temporal
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Convolutional Network (TCN), and site-aware fusion for patient-level prediction.
Heart sound representations are learned and aggregated bottom-up across car-
diac phases, cycles, auscultation sites, and the patient level, forming an inference
pipeline that is consistent with clinical auscultation principles.
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Fig. 1. Illustration of Physiology-Aligned Hierarchical Network (PAHNet).

2.1 Phase-level Feature Extraction

To support murmur analysis at different physiological levels, PCG recordings
acquired from multiple auscultation sites are segmented at the cycle level us-
ing physiological boundary information. Each heart cycle is decomposed into
four physiological components: S1, systole, S2, and diastole. For each phase, log-
scaled Mel-spectrograms are computed to capture discriminative time-frequency
characteristics. To ensure uniformity across samples, temporal dimensions are
standardized via zero-padding or truncation. Consequently, the resulting hier-
archical representation for each patient is formulated as X € RSXOXPxFXT
where S denotes the number of auscultation sites, C' represents the number of
cardiac cycles per site, P = 4 corresponds to the cardiac phases within each
cycle, and F' and T denote the Mel frequency bins and time frames, respectively.
Subsequently, the representation is fed into a ResNet18-based phase encoder to
generate phase features Fj, € RSXCEXPXD where D indicates feature dimension.

2.2 Phase-aware Feature Fusion (PAFF)

A key challenge after feature extraction is aggregating these phase-specific fea-
tures into a unified cycle-level representation. Simple averaging treats all phases
equally, overlooking the fact that murmurs typically manifest in specific phases
(systole and diastole). While attention mechanisms offer a solution, standard ap-
proaches relying on feature saliency alone are often unstable during early training
or biased toward high-energy but clinically irrelevant sounds.

To address this issue, we propose a phase-aware feature fusion (PAFF) mod-
ule that employs a dual-guided phase attention mechanism. This mechanism
computes robust phase weights by integrating two complementary guides: a clas-
sification guide and a feature saliency guide. The classification guide, denoted
as Gs, is produced by a phase-level classifier that functions as a content-based
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detector for identifying murmur-like phases. Specifically, the classifier predicts
phase-level murmur logits L, € R*XEXPXK “where K denotes the number of
classification categories. G5 is then extracted as the logit corresponding to the
murmur present category, serving as a direct indicator of each phase’s likelihood
of containing a murmur. However, relying solely on this guide is insufficient, as
phase-independent predictions are sensitive to local noise and fail to account for
each phase’s contextual role within the cardiac cycle.

The feature saliency guide overcomes this problem by first capturing contex-
tual dependencies across phases via a Transformer encoder, yielding contextual-
ized features F, = TransformerEncoder(F},). A linear attention layer then trans-
forms these features into a saliency guide Gyq = FCyai(E,) € RS*¥CXP which
quantifies the distinctiveness of each phase within its temporal context. The two
guides are fused via element-wise addition and normalized using a Sigmoid func-
tion to produce the final attention weights: W, = 0(Gsqr + Gas) € RSXCOxXP,
This additive fusion ensures that high attention weights are assigned only when
a phase is both acoustically distinctive and predicted to contain a murmur.

Finally, the cycle-level feature representation F, is obtained by performing
a weighted sum over the phase dimension: F, = 25:1(151, ® W,) € RS*XExD,
where © denotes element-wise multiplication. This aggregation preserves diag-
nostic information from critical phases while suppressing noise from irrelevant
segments. Since murmurs often span multiple consecutive cycles, we further em-
ploy a TCN to model inter-cycle dependencies and get the site-level feature by
average pooling: F, = AveragePool(TCN(F,)) € RS*P.

2.3 Site-aware Prediction Fusion (SAPF)

While F captures temporal dynamics within a specific auscultation site, clinical
diagnosis typically integrates evidence from multiple auscultation sites. Simple
aggregation strategies, such as averaging or max-pooling across sites, assume
equal clinical value or rely on the single strongest signal, potentially attenuat-
ing critical features or overfitting to noisy recordings from specific sites. There-
fore, we propose a site-aware prediction fusion (SAPF) module that adaptively
weights the contribution of each auscultation site. This mechanism learns to
prioritize sites with high confidence while suppressing irrelevant or noisy sites,
thereby robustly aggregating multi-site evidence into a patient-level prediction.
In this module, each site is first processed independently to generate site-
specific classification logits: L, = Classifier(LayerNorm(Fy)) € R®*X  which
reflect the preliminary diagnostic assessment based on features from each site.
To determine the reliability of the prediction of each site, an attention score is
computed based on the site’s feature: W, = o(FC(F,)) € RY. Patient-level pre-
diction logits are computed as the weighted sum of site-specific logits, guided by
the learned attention weights: Lpgticnt = ZsS:l(LS -Wy) € RX. This fusion strat-
egy effectively implements a confidence-weighted voting scheme, where sites with
higher learned importance contribute more significantly to the final diagnosis.
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2.4 Patient-level Supervision Strategy

To effectively optimize PAHNet’s hierarchical structure, we employ a composite
loss function consisting of a patient-level classification loss and a phase-level
physiology-constrained (PPC) loss. An explicit site-level loss is omitted because
site logits are directly aggregated into the patient prediction, ensuring adequate
gradient flow. In contrast, phase-level features are deeper in the hierarchy and
require explicit supervision to ensure physiological consistency.

The patient-level classification loss, denoted as L,qtient, is implemented as
a weighted cross-entropy (WCE) loss to handle class imbalance. The PPC loss
adopts a dual-strategy formulation designed to jointly encourage the detection
of murmur evidence in clinically relevant phases while suppressing activations
elsewhere. For patients with murmurs (positive samples), pathological acoustic
patterns are expected to manifest primarily during systole or diastole, rather
than during the S1 or S2 heart sounds. Leveraging this clinical prior, we apply
max-pooling over the murmur-class logits at systole and diastole phases, tak-
ing the maximum value as the representative score L25¢F. The positive loss is
computed by applying binary cross-entropy to the max-pooled logits against the
murmur-present target ypresent, Which is broadcast from patient-level labels:

1
‘C;Dos - Ni Z Z BCE(L?A‘;’;’]“’ ypresent) (1>
POS pep s,c

where N, represents the number of instances in positive sample set P. This for-
mulation encourages the model to produce at least one high-confidence murmur
prediction within the systolic or diastolic phases of each valid cycle.

For patients without murmurs (negative samples), all phases should be sup-
pressed, as none is expected to exhibit murmur-like characteristics. For positive
patients, suppression is applied only to the S1 and S2 phases to prevent the
model from attending to these high-energy but clinically irrelevant segments.
This suppression loss Ly is defined as:

1
»Cneg = Z BCE(Lpa yabsent) (2)

[ e (6,5,6,P) € 2neg

where 2neg = {(b,s,¢,p) | b ¢ P} U {(b,s,c,p) | b e P, pe {S1,52}}, and
Yabsent 18 the target vector for murmur absence.

The final PPC loss is computed as the weighted sum of £,,s and Lyeq. The
overall loss is the weighted sum of PPC loss and patient-level classification loss:
L = MpatientLpatient + AposLpos + AnegLlneg, Where the A terms are weights.

3 Experiments

3.1 Experimental Settings

Dataset We evaluate our method on the CirCor DigiScope dataset [8, 11], cur-
rently the largest publicly available heart sound dataset. The training set, which
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is the only released portion, comprises 3,163 PCG recordings from 942 patients,
with each patient contributing one or more recordings from different ausculta-
tion sites. The dataset provides patient-level murmur presence labels (absent,
present, or unknown) and temporal segmentation information (S1, systole, S2,
and diastole) for each PCG recording. Additionally, for each patient, the training
set includes phase-level annotations (systole vs. diastole) and location-based in-
formation, including the sites where murmurs are present and the site where the
murmur is most audible. We conduct 5-fold cross-validation experiments based
on the training data, as it is the only portion released and contains the necessary
annotations for phase-level and site-level evaluation. To prevent data leakage, the
folds are generated using a patient-level split, ensuring that all recordings from
a given patient are assigned exclusively to either the training or validation set
within each fold.

Evaluation Metrics The models are evaluated using multiple metrics: the
weighted accuracy introduced in the dataset benchmark [11], along with standard
classification metrics including Accuracy, Precision, Recall, F1-score, area under
the ROC curve (AUC), and area under the precision-recall curve (AUPRC).
Given the multi-class classification setting, Precision, Recall, Fl-score, AUC,
and AUPRC are computed using macro-averaging. To evaluate murmur site
localization performance, we also compute the Hit rate, defined as the proportion
of actual positive recordings that are correctly predicted as positive.

Implementation Details To handle recordings of varying lengths, we cap the
maximum number of cycles per recording at 16 (randomized in training, first
16 in testing). Zero-padding and binary masking are applied to missing cycles
or sites. For spectrogram extraction, we use a sample rate of 4000 Hz, an FFT
window size of 256, a hop length of 32, and 64 Mel-frequency bins. For the loss
function, we set weighting factors to Apatient=1, Apos=0.2, and Apeq=0.1. The
weighted cross-entropy loss employs class weights of 1.5, 5.5, and 20.5 for the
absent, present, and unknown classes, respectively. The model is trained for 30
epochs with a batch size of 4. The initial learning rate is 5 x 10~° and reduced
to 5 x 1076 at epoch 25. We use AdamW optimizer with a weight decay of 1074,

3.2 Method Comparison

We compare the proposed PAHNet against several open-source state-of-the-art
methods based on the CirCor DigiScope data under 5-fold cross-validation. The
selected methods include the leading entries from the PhysioNet Challenge [11]:
HearHeart [6] (1st place) and CUED _Acoustics [7] (2nd place), alongside other
participants (Simulab [15]; Murmur Mia [16]) and a more recent Wav2Vec 2.0-
based [9] model. Quantitative results are shown in Table 1.

As shown in Table 1, PAHNet achieves state-of-the-art performance in four
imbalance-robust metrics, ranking first in Precision (0.734), Fl-score (0.672),
AUC (0.880), and AUPRC (0.713), while securing the second-highest Recall
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Table 1. Comparison of murmur detection methods under 5-fold cross-validation

Methods Weighted | Accuracy | Precision| Recall F1 AUC |AUPRC
accuracy
0.7224+ | 0.728% | 0.461+ |0.368+ | 0.338+ | 0.513+ | 0.380+
0.037 0.011 0.118 0.032 | 0.039 | 0.048 0.036
0.7294+ | 0.621%+ | 0.4494 |0.482+|0.423+ | 0.7244+ | 0.549+
0.030 0.051 0.066 0.035 | 0.043 | 0.037 0.036
CUED _ Acoustics| 0.878+ | 0.847% | 0.595+ |0.531+ | 0.546+ | 0.852+ | 0.658+
[7] 0.016 0.013 0.012 0.025 | 0.020 | 0.039 | 0.037
0.903+ | 0.860+ | 0.611+ |0.549+ | 0.565+ | 0.870+| 0.691+
0.019 0.020 0.009 0.033 | 0.028 | 0.021 | 0.034
0.753+ | 0.817+ | 0.670+ (0.661+|0.654+|0.7584+ | 0.549+
0.060 0.039 0.045 0.040 | 0.026 | 0.027 | 0.030
0.8144+ | 0.840% | 0.734+ |0.643+|0.672£|0.880+| 0.713+
0.034 0.022 0.062 0.036 | 0.032 | 0.019 | 0.032

Simulab [15]

Murmur Mia [16]

HearHeart [6]

Wav2Vec 2.0 [9]

PAHNet (Ours)

(0.643). Although PAHNet ranks third in Accuracy (0.840), this trade-off re-
flects its strength in minimizing false positives without severely compromising
sensitivity. Specifically, PAHNet improves Precision over HearHeart (0.734 vs.
0.611) with only a 2% decrease in Accuracy, while maintaining Recall within 1.8%
of the top method (Wav2Vec 2.0). This balance is particularly valuable in clin-
ical screening scenarios, where false positives can lead to unnecessary follow-up
tests and increased healthcare costs, while false negatives risk missing patholog-
ical cases. The superior F1l-score and AUPRC confirm PAHNet achieves a more
favorable precision-recall trade-off, making it robust to class imbalance. More-
over, PAHNet exhibits the lowest standard deviation in AUC (0.019) among top
models, indicating consistent performance and enhanced generalizability.

3.3 Ablation Study

Ablation studies are conducted to validate the effectiveness of the three key com-
ponents: the PPC loss, the PAFF module, and the SAPF module. The results are
listed in Table 2, where seven configurations are evaluated across four tasks: mur-
mur detection, murmur localization, most audible auscultation site prediction,
and phase-level classification. For murmur localization, a positive site prediction
is defined as a site-level prediction with a confidence score greater than 0.5 when
the patient-level prediction indicates murmur presence. Given that only one pa-
tient sample exhibits a diastolic heart murmur, the phase-level classification task
is simplified to binary detection of systolic murmurs. In Table 2, "Phase feature
average" represents replacing the PAFF module with direct averaging of the
phase feature F},. "Phase-level classifier" indicates whether the phase-level clas-
sifier is retained. "Site feature average" denotes replacing the SAPF module with
averaging of the site feature F before feeding it into the classifier for patient-
level murmur prediction. "Site logits maximum" represents keeping the site-level
classifier and selecting maximum logits as patient-level murmur predictions.
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Table 2. Ablation studies under 5-fold cross-validation

config 1|config 2|config 3|config 4|config 5|config 6 |config 7

PPC loss v v v v
PAFF module v v v v
Phase feature average v v v
Phase-level classifier v v v v v
SAPF module v v v v
Site feature average v v
Site logits maximum v
Weighted | 014 | 0777 | 0.763 | 0.811 | 0.773 | 0.772 | 0775
accuracy

Accuracy | 0.840 | 0.829 | 0.813 | 0.830 | 0.822 | 0.818 | 0.813
Murmur | Precision | 0.734 | 0.730 | 0.697 | 0.731 | 0.724 | 0.697 | 0.700
detection Recall | 0.643 | 0.635 | 0.675 .596 | 0.696 | 0.685 | 0.631
F1 0.672 | 0.647 | 0.666 | 0.633 | 0.687 | 0.678 | 0.644
AUC 0.880 | 0.861 | 0.865 | 0.849 | 0.870 | 0.856 | 0.837
AUPRC | 0.713 | 0.697 | 0.687 | 0.672 | 0.710 | 0.686 | 0.664

Accuracy | 0.933 | 0.906 | 0.915 | 0.922 / 0.924 /

Precision | 0.802 | 0.670 | 0.695 | 0.777 / 0.830 /

Murmur Recall | 0.668 | 0.670 | 0.676 | 0.617 / 0.546 /

localization F1 0.721 | 0.648 | 0.670 | 0.675 / 0.651 /

AUC | 0.855 | 0.85/ | 0.847 | 0.822 / 0.848 /

AUPRC | 0.702 | 0.686 | 0.696 | 0.667 / 0.679 /

Hit rate | 0.667 | 0.662 | 0.674 | 0.612 / 0.543 /

Accuracy | 0.849 | 0.824 | 0.840 | 0.845 / 0.852 /

Most Precision | 0.521 | 0.468 | 0.514 | 0.487 / 0.548 /

?uﬁlbl? Recall | 0.472 | 0.456 | 0.482 | 0.454 |/ | 0.456 | /
auscultation

site F1 0.478 | 0.446 | 0.466 | 0.438 / 0.476 /

prediction | AUC | 0.796 | 0.810 | 0.804 | 0.775 / 0.787 /

AUPRC | 0.439 | 0.451 | 0.448 | 0.431 / 0.435 /

Accuracy | 0.909 | 0.851 | 0.841 / 0.840 | 0.848 /

Precision | 0.892 | 0.737 | 0.839 / 0.885 | 0.803 /

Phase-level | Recall | 0.796 | 0.668 | 0.593 / 0.582 | 0.606 /

classification [ F1 0.830 | 0.680 | 0.603 / 0.595 | 0.602 /

AUC [ 0.800 | 0.434 | 0.629 / 0.590 | 0.485 /

AUPRC | 0.607 | 0.214 | 0.321 / 0.342 | 0.317 /

As shown in Table 2, the proposed PAHNet (config 1) enables coarse infer-
ence of murmur-relevant phases and sites while outperforming all variants across
all tasks. Removing the PPC loss (config 2) notably degrades both patient-level
and phase-level performance, confirming its role in physiological alignment. Re-
placing the PAFF module with averaging (config 3 and 4) reduces performance,
validating the module’s effectiveness. Replacing the SAPF module with feature
averaging (config 5) loses spatial relationships, making localization metrics un-
available. Using maximum logits instead (config 6) improves localization Preci-
sion but substantially reduces Recall, indicating that the attention mechanism
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better balances the precision-recall trade-off by adaptively weighting murmur rel-
evant sites. Replacing both modules with averaging (config 7) further degrades
performance, confirming the value of PAHNet’s hierarchical design.

4 Conclusion

This paper presents PAHNet, a physiology-aligned hierarchical network for heart
murmur detection that addresses key limitations of existing methods in in-
terpretability and multi-level information integration. By explicitly modeling
the physiological hierarchy of cardiac auscultation, PAHNet achieves superior
murmur detection performance while providing clinically meaningful insights
through coarse inference of murmur phases and sites. Experiments on the CirCor
DigiScope data demonstrate that PAHNet outperforms state-of-the-art methods
while providing detailed phase and site information for detected murmurs.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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