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Abstract

Background: Cardiovascular disease (CVD) remains the leading cause of death and disabil-
ity worldwide. Amonyg its subtypes, coronary artery disease (CAD) is the most common
and often develops silently, without noticeable symptoms. CAD-related murmurs typ-
ically fall below the human hearing threshold, limiting the effectiveness of traditional
stethoscope-based auscultation. Currently, the gold standard for CAD diagnosis is coro-
nary angiography, an invasive and expensive procedure usually reserved for symptomatic
patients. This highlights the global need for a non-invasive, cost-effective pre-screening
tool for asymptomatic CAD detection. Objectives: This study investigates the effective-
ness of a wearable vest equipped with multiple digital stethoscopes to detect CAD. By
applying signal processing and machine learning to multichannel phonocardiogram (PCG)
data, we aim to evaluate the accuracy of CAD detection. We further assess the impact
of incorporating patient metadata to enhance model performance. Methods: Data were
collected from 40 CAD patients and 40 non-CAD individuals using a wearable vest with
seven embedded PCG sensors. Subjects performed 10 s breath-hold recordings in a clinical
setting. Linear-frequency cepstral coefficients were extracted from the PCG signals and
classified using a support vector machine. Metadata, including body mass index, blood
pressure, type 2 diabetes, and hypertension, were integrated to assess performance gains.
Results: A combination of four channels achieved an accuracy of 80.44%, a 7% improvement
over the best single-channel result. Incorporating metadata increased accuracy to 82.08%.
Conclusions: The wearable vest demonstrated promising clinical potential, exceeding a
75% sensitivity-specificity average, and may support accessible, automated CAD screening
in future validated settings.

Keywords: coronary artery disease; wearable vest; phonocardiogram; metadata

1. Introduction

Heart auscultation traditionally involves subjective listening to heart sounds through
a stethoscope to detect abnormalities [1]. Coronary artery disease (CAD) arises from
the accumulation of plaque in at least one large epicardial coronary artery, resulting in
decreased blood flow to the heart muscles [2,3] and the gradual death of myocardial cells [4].
A partially occluded vessel creates turbulence, generating murmurs that are significantly
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lower in intensity compared to primary heart sounds [5]. Thus, appreciating these murmurs
using a stethoscope can be challenging. As a result, CAD is not routinely diagnosed using
cardiac auscultation, even with electronic stethoscopes, and definitive diagnosis relies on
imaging-based modalities.

The gold standard diagnostic tool for CAD is angiography, where blockages can be
visualised [6,7]. This procedure involves catheter-based injection of contrast dye into the
coronary arteries under X-ray imaging. While angiography provides a definitive diagnosis,
it is invasive and carries procedural risks, including bleeding, vascular injury, contrast-
induced nephropathy, and infection [8]. It is generally reserved for symptomatic patients,
even though CAD can manifest in asymptomatic individuals, where myocardial infarction
or stroke may be the first sign of the disease [9]. Additionally, its high cost makes it
infeasible for marginalised populations in developing countries [10]. Thus, there is a global
need for an effective, non-invasive, and affordable pre-screening tool for CAD.

Well-established clinical risk factors, including body mass index (BMI), blood pressure,
hypertension, and type 2 diabetes, substantially contribute to CAD incidence. Elevated
BMI reflects increased adiposity, which has a robust correlation with cardiovascular dis-
ease [11]. Hypertension, associated with high blood pressure, accelerates atherosclerosis
and remains one of the strongest modifiable predictors of CAD, as shown in the Fram-
ingham and INTERHEART studies [12-14]. Type 2 diabetes further amplifies CAD risk
through vascular damage and is frequently accompanied by coexisting hypertension or
dyslipidemia [15,16]. These metadata variables were used in this study and are routinely
available in clinical practice.

In this study, we investigate whether multichannel phonocardiogram (PCG) signals,
recorded simultaneously from a wearable vest, can be used to detect CAD, and whether
incorporating routinely collected metadata improves diagnostic performance. Building
on our previous report of PCG-only classification using the same dataset [17], we now
re-analyse the dataset by developing a metadata-only model and implementing score-
level fusion with the PCG classifier. This allows us to quantify the incremental value of
metadata, including BMI, blood pressure, hypertension, and type 2 diabetes, and to discuss
clinical implications.

2. Materials and Methods
2.1. Study Design

This was a single-centre, prospective diagnostic-accuracy pilot study conducted at
Fortis Hospital, Kolkata, India (May—June 2023). Eighty adult male subjects were enrolled:
40 with angiographically confirmed CAD and 40 without CAD. CAD was defined as >50%
luminal stenosis in a major epicardial vessel (right coronary artery, left anterior descending
artery, or left circumflex artery) or in the left main coronary artery, in line with standard
guidelines [7]. Coronary angiography served as the reference standard, ensuring that
the diagnostic labels used for model training and evaluation reflected the presence or
absence of significant coronary stenosis. Inclusion criteria were the ability to undergoa 10 s
breath-hold recording and having scheduled or recent coronary angiography. Exclusion
criteria included prior coronary revascularisation (Percutaneous Coronary Intervention
or Coronary Artery Bypass Grafting) and clinically diagnosed valvular disorders. This
was an exploratory pilot, and no formal a priori sample size calculation was performed;
a convenience sample of 80 subjects was used to demonstrate feasibility and to generate
hypotheses rather than to provide confirmatory evidence. Accordingly, the results should
be interpreted as preliminary and intended to inform the design of future studies.
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2.2. Data Collection

Between May and June 2023, 40 CAD and 40 non-CAD subjects participated in this
study at Fortis Hospital, Kolkata. Each subject was fitted with a wearable vest equipped
with up to seven integrated electronic stethoscopes, as shown in Figure 1. These stetho-
scopes were designed and manufactured by a private company. Six PCG signals were
captured from the chest, and one from a posterior location. Each stethoscope (Ticking
Hearty Pty Ltd., Perth, Australia) contains a microphone under a plastic diaphragm that
captures heart sounds as they permeate through the chest wall. Since the stethoscopes are
attached to the vest, their positioning may vary slightly based on the subject’s body shape.
This design prioritises ease and convenience during data collection.

Figure 1. Steps undertaken to fit the vest onto a subject: (i) Select appropriate vest size, (ii) Place
neck strap to ensure vest is in line with sternum, (iii) Wrap vest around subject and firmly close with
Velcro, (iv) gather the shoulder straps, (v) pull the straps directly over the shoulders, (vi) Tighten
shoulder straps and connect to the rear via Velcro, (vii) Place back stethoscope in position, (viii)
Subject is ready for signal acquisition.

The signals captured by the stethoscopes are routed to a central data collection
board for synchronous sampling via custom-made cables. The sampling frequency is
initially 7.812 kHz, which is later down sampled to 2 kHz post-data collection. The multi-
channel stethoscope data is saved as a wav file, and the entire system is powered by a
USB connection.

The process of fitting the vest, acquiring signals, and removing the vest took less than
two minutes, underscoring the system’s practicality and ease of use. Figure 2 shows a
subject seated during data collection alongside a diagram indicating the approximate stetho-
scope placement. Breath-held measurements were taken for 10 s in the angiography ward
of Fortis Hospital, introducing real clinical noise into the system. This included ambient
sounds such as conversations, privacy curtains moving, doors opening and closing, electric
shavers, ringing phones, and water flowing into a metal basin. Subjects were seated during
signal acquisition, eliminating the need for a hospital bed. This data collection environment
is unique compared to most PCG-based CAD detection studies, which often rely on quiet,
controlled settings with precisely located sensors and highly prepared subjects (e.g., waiting
in a temperature-controlled room for 15 min). Such conditions may contribute to high
classification performance that is unlikely to generalise to practical clinical settings [18-20].
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(b)

Figure 2. (a) Signal Acquisition (b) Approximate PCG sensor positioning (7 is at back). Adapted
from [21].

Informed consent was obtained from all subjects, and the data collection process
adhered to the ethical guidelines for research on human subjects in accordance with the
Helsinki Declaration.

2.3. Patients

Angiography results served as the reference standard for group assignment, as defined
in Section 2.1. To broaden the non-CAD cohort, eight healthy male nurse staff aged
21-29 years were also included as controls, since the likelihood of CAD in this demographic
is extremely low [22]. These volunteers were grouped with the non-CAD patients to
balance sample sizes between groups. Table 1 summarises the demographic and clinical
characteristics of the study population. All participants in this study were male, which
limits the generalisability of the findings to female populations and should be considered a
major limitation of the present work.

Table 1. Demographic and clinical characteristics of the study population. Continuous variables
presented as mean (std).

CAD Subjects (n = 40) Non-CAD Subjects (n = 40)
Age 59.73 (8.02) 49 (18.8)
BMI 24.62 (4.16) 23.92 (3.03)
Systolic BP 134.8 (10.05) 134.5 (17.5)
Diastolic BP 74.58 (6.10) 72.75 (5.11)
Hypertension n=235 n=28
Type 2 Diabetes n=18 n =10
1 vessel disease n=14 NA
2 vessel disease n=14 NA
3 vessel disease n=12 NA
Control NA n=38

2.4. Handcrafted Feature Extraction and Machine Learning Model

Each 10 s multichannel signal was divided into three epochs, each containing two full
heart cycles. Each epoch commenced at the start of S1 of the first cycle and concluded at
the end of diastole of the second cycle. Linear Frequency Cepstral Coefficients (LFCC) were
extracted from each epoch. LFCCs are like Mel Frequency Cepstral Coefficients (MFCC),
which are widely used in various fields, with the key difference being that LFCCs use
a linear filter bank instead of the Mel filter bank used in MFCCs. For a more detailed
mathematical explanation of MFCC and LFCC formulation, the reader is referred to [23].
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In this study, a filter bank of 12 linearly spaced filters up to 1 kHz was utilised, allowing
12 LFCCs to be extracted.

Initially, each epoch was divided into small frames, and LFCCs were extracted from
each frame using MATLAB R2024b. Various numbers of frames (20-64 and 100-112 in steps
of 2) and Different LFCC subsets ([0-1], [0-2], ..., [0-11], [1-2], [1-3], ..., [10-11]) were
tested to determine the optimal configuration for each channel. The LFCCs from each frame
of the epoch were merged into a single feature vector and fed into a Support Vector Machine
(SVM) with a radial basis function kernel for classification. When combining channels,
the LFCC features from each channel were concatenated; a process called feature-level
fusion. The LFCC features were ranked utilising the ReliefF algorithm; a feature selection
method that ranks the features by assessing their ability to distinguish between instances of
differing classes [24]. An incremental search approach was utilised to realise the best subset
of highest-ranked features. Model evaluation methodology is described in Section 2.6.

An SVM classifier was selected in combination with handcrafted LFCC features to
balance classification performance, robustness, and interpretability. Although simpler
linear models such as logistic regression can offer coefficient-level interpretability, this
advantage is limited in the present setting due to the high dimensionality and non-linear
separability of LFCC-based representations. In such cases, individual linear coefficients
are difficult to interpret meaningfully and may be unstable across cross-validation folds.
The use of handcrafted spectral features provides a transparent and physically grounded
signal representation, while the SVM enables non-linear decision boundaries that are better
suited to this feature space and small sample size.

2.5. Metadata

The metadata variables included in this study were BM], systolic and diastolic blood
pressure (and their ratio), hypertension, and type 2 diabetes. These were extracted from
patient records and analysed separately using an SVM. For the control volunteers, metadata
values were measured and recorded at the time of data collection. Metadata statistics are
displayed in Table 1. Continuous variables included BMI, systolic blood pressure, diastolic
blood pressure, and the systolic/diastolic ratio; binary variables included hypertension and
type 2 diabetes. All continuous variables were z-normalised prior to analysis. Score-level
fusion was then implemented between the predictions of the metadata model and the
LFCC PCG model to assess their combined effect on classification performance.

2.6. Statistical Analysis

All analysis was performed at the subject level. To evaluate model performance, we
implemented 5-fold cross-validation repeated over 20 iterations. Repeated cross-validation
was chosen to maximise use of the available dataset and reduce variance in performance
estimates, which is appropriate for a study with a modest sample size. At each iteration,
subjects were randomly partitioned into mutually exclusive training and testing folds to
prevent data leakage. Feature selection and model optimisation were carried out using
only the training folds. Predictions were aggregated at the epoch level and combined
by majority voting to generate subject-level outcomes. For example, if a subject had two
or more epochs predicting CAD, that subject was classified as having CAD. Diagnostic
performance was reported using accuracy, sensitivity, and specificity. Outputs from the
metadata-based classifier and the PCG-based classifier were combined using score-level
fusion (simple averaging of posterior probabilities). Paired Wilcoxon signed-rank tests
were used to statistically compare subject-level performance metrics across the 20 repeated
cross-validation iterations between the PCG-only and PCG + metadata models.
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nised consideration in machine-learning-based biomedical studies. In the present work,
this was explicitly addressed through subject-level cross-validation, repeated random splits,
and strict isolation of feature selection and model training within the training folds. As no
independent external validation cohort was available, all performance estimates are based
on internal cross-validation. To assess potential age-related confounding, an additional
sensitivity analysis was performed in which age was evaluated under the same repeated

The use of high-dimensional feature representations relative to sample size is a recog-

subject-level cross-validation protocol.

3.

Results

3.1. Synchronised Data

and triple vessel CAD subject. The recordings are not easily distinguishable from audio
listening and visual inspection, hence, the motivation for implementing machine learning

Figure 3 displays a segment recording from a normal, single vessel, double vessel

based classification is realised.
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Figure 3. Synchronised signals obtained from Normal, SVCAD, DVCAD and TVCAD subject.
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3.2. Standalone Vest

to each total number of channels, are displayed in Figure 4. These results consider only
the handcrafted LFCC features in the SVM model. A four-channel combination (channels
2-3-6-7) produces the highest accuracy at 80.44% (95% CI: 79.33-81.55), with sensitivity and
specificity of 85.25% (95% Cl: 83.27-87.23) and 75.62% (95% Cl: 74.34-76.90), respectively.
The feature dimension for this scenario was 1681 after feature-level fusion from the four
channels and ReliefF feature selection. These results were reported in [17], where the
wearable vest was found to produce clinically significant results, surpassing a sensitivity-

The subject-level results for the top-performing channel combinations, corresponding
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specificity average threshold of 75% as suggested by prior clinical guidance [25]. The
best-performing channel combinations for each total number of channels are clinically
significant, allowing trade-offs between hardware costs and classification performance. For
example, using just two sensors (channels 2 and 6) is more cost-effective than implementing
a four-channel setup, but this would result in nearly a 4% reduction in classification accuracy.
In all scenarios, sensitivity outweighs specificity. While high sensitivity is desirable, low
specificity could lead to too many referrals for the gold standard coronary angiography,
which would incur economic costs

Highest Performance Across Single and Combined PCG Signals

2(2-8) 3(2-3-7) 4(2-3-6-7) 5(1-2-3-6-7) 6(1-2-3-5-6-7) 7(1-2-3-4-5-6-7)

~J
@

Percentage %
~J
(4]

~N N
SIS

No. of Channels (Combination)

Highest Performance Across Single and Combined PCG Signals + Metadata

86
84
82

-
70 I
3(2-37)

1(2) 2(2-6) 4(2-36-7) 5(1-2-3-6-7) 6(1-2-3-5-6-7) 7(1-2-3-4-5-6-7)

Percentage %
~ ~d [+2]
M A O G O

Mo. of Channels (Combination)

W Sensitivity | Specificity W Accuracy

Figure 4. Performance of standalone PCG LFCC features of the top performing channel combinations
(Top) and with Metadata features fused (Bottom).

3.3. Vest with Metadata

A contribution of this study is the analysis of metadata and its impact on classifica-
tion performance. By fusing the predictive probabilities from the SVM model using only
metadata with those using only the handcrafted LFCC features, we observed an improve-
ment in classification performance across all channel combinations. As shown in Figure 4,
the 2-3-6-7 channel combination exhibited an increase in accuracy from 80.44% (95% CI:
79.33-81.55) to 82.06% (95% CI: 80.83-83.29) following metadata fusion. Specificity im-
proved from 75.62% (95% CI: 74.34-76.90) to 78.90% (95% CI: 78.02-79.78), while sensitivity
remained comparable, changing marginally from 85.25% (95% CI: 83.27-87.23) to 85.23%
(95% CI: 83.00-87.50). Paired statistical comparisons across the 20 repeated cross-validation
runs showed that metadata fusion resulted in a statistically significant improvement in
specificity (p = 6.10 x 10~%) and overall accuracy (p = 0.024), while sensitivity did not
change significantly (p = 0.75). These results indicate that metadata integration primarily
reduces false-positive classifications without increasing missed CAD cases. Higher speci-
ficity reduces unnecessary referrals for the gold standard angiography, thereby decreasing
both the economic burden and patient inconvenience

https:/ /doi.org/10.3390 /jvd5020011
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Accuracy %

True Class

84
82

Non-CAD

CAD

Subject-Level Confusion Matrix (Mean + Std) - PCG

5.90+1.80

A direct comparison of classification accuracy, with and without metadata, is presented
in Figure 5. While a performance increase is observed across all channel combinations,
obtaining metadata requires patient input. Additional tests may be necessary to gather
variables such as BMI and blood pressure. Therefore, although including metadata offers
a potential avenue for improvement, achieving desirable performance is also possible
without patient interaction, relying solely on the vest.

PCG Onlyvs PCG + Metadata

80
78
76
74
70
68

2(2-6) 3(2-3-7) 4(2-3-6-7)  5(1-2-3-6-7) 6(1-2-3-5-6-7) 7(1-2-3-4-5-6-7)

No. of Channels (Combination)

B PCG mPCG+Metadata

Figure 5. Performance comparison between PCG only and PCG fused with Metadata.

Figure 6 presents the subject-level confusion matrices for the PCG-only (channels
2-3-6-7) and PCG + metadata cases, averaged across 20 cross-fold validation iterations.
An increase in true negative classifications is observed when metadata is fused, which is
consistent with the corresponding increase in specificity.

Subject-Level Confusion Matrix (Mean = Std) - PCG + Metadata

Non-CAD 8.44%0.80

9.75+1.16

True Class

CAD

591205

Non-CAD CAD Non-CAD CAD

Predicted Class Predicted Class

Figure 6. Subject-level confusion matrices for the PCG-only (channels 2-3-6-7) and PCG + metadata
classification cases.

Sensitivity analysis excluding the eight control volunteers resulted in a lower overall
accuracy in the PCG-only model (78.04%), consistent with removal of low-risk controls and
a more clinically representative non-CAD cohort. Importantly, metadata fusion continued
to improve performance in this setting, increasing accuracy to 80.84%, indicating that the
benefit of metadata integration is not driven by inclusion of the volunteer subgroup.
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4. Discussion
4.1. Key Findings

In this study, a wearable vest with integrated multi-channel PCG sensors achieved
clinically meaningful discrimination between CAD and non-CAD subjects. Using LFCC
features with an SVM classifier, the best four-channel combination (2-3-6-7) reached 80.44%
accuracy, with sensitivity of 85.25% and specificity of 75.62%. Incorporating metadata (BMI,
systolic and diastolic blood pressure and their ratio, hypertension and type-2 diabetes)
provided a modest performance gain, improving accuracy to 82.08% and increasing speci-
ficity by approximately 3% while maintaining sensitivity. Across all models, sensitivity
consistently exceeded specificity, highlighting the system’s potential to minimise missed
CAD cases.

4.2. Interpretation of Results

The improved specificity observed with metadata fusion likely reflects the contribution
of long-term cardiovascular risk factors that are not captured by brief acoustic recordings.
While PCG features capture acoustic patterns associated with angiography-defined CAD,
metadata variables add contextual information about vascular risk, thereby reducing
false-positive classifications. The trade-off between the number of vest channels and
diagnostic accuracy is also clinically relevant: although four-channel fusion provided
the highest performance, two-channel combinations still exceeded the 75% sensitivity-
specificity threshold while offering a more cost-effective hardware configuration. This
balance between accuracy and feasibility is critical for real-world implementation.

The observation that the four-channel combination (2-3-6-7) yielded the highest per-
formance does not imply that other channels produced poor-quality signals. All PCG
sensors acquired valid heart sound recordings; however, CAD-related acoustic signatures
can vary spatially across the chest due to anatomical differences in cardiac position, chest
wall thickness, and vascular orientation. As a result, certain sensor location combinations
provide more discriminative information than others. In this configuration, channels 2 and
3 collect heart sounds from the left side of the chest, directly overlying the heart. The heart
slightly overlaps the sternum, with a small area extending toward the right side of the chest,
where channel 6 is positioned. Due to the rotational position of the heart, a portion of the
right coronary artery is oriented posteriorly, which may explain the contribution of channel
7 located on the back. Importantly, the observed performance differences are unlikely to be
driven by overfitting, as subject-level cross-validation, repeated random splits, and feature
selection were performed exclusively within the training folds.

The design of the wearable vest emphasises practicality and user-friendliness, aiming
to make CAD pre-screening more accessible and less reliant on expensive or invasive pro-
cedures. Additionally, the system is designed to operate without specialist interpretation,
supporting its potential use in future at-home or community-based screening following
further validation.

It is important to clarify that coronary artery disease cannot be reliably detected by
clinicians using stethoscopes or PCG signals alone, as CAD-related murmurs are typically
low in both intensity and frequency and fall below the threshold of human hearing. In this
study, signal processing techniques are used to extract subtle acoustic patterns from PCG
recordings that are not accessible to human listeners, after which machine learning methods
are applied to differentiate between CAD and non-CAD patterns. Clinical metadata does
not improve acoustic detectability but instead provides contextual cardiovascular risk
information that influences referral thresholds for further testing. Accordingly, metadata
integration in this study primarily improved model specificity, reducing false-positive
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classifications and enabling more informed triage decisions without increasing missed
CAD cases.

4.3. Comparison with Existing Evidence

Our findings are consistent with prior work demonstrating that acoustic analysis can
discriminate between CAD and non-CAD subjects based on PCG recordings. For example,
Thomas et al. showed that CAD murmurs, although often inaudible to clinicians, can
be identified using computer-based methods [5]. Several PCG-based CAD studies have
reported higher classification scores than those achieved in our work [18-20]. However,
many of these were conducted in highly controlled environments with quiet surroundings,
precise sensor placement, and subjects carefully prepared in advance. While such conditions
are valuable for proof-of-concept, they do not reflect typical outpatient or community
settings. In contrast, our recordings were acquired in a busy angiography ward with
ambient clinical noise and variable sensor positioning, yet the system still achieved over
80% classification accuracy. This suggests that our results may provide a more realistic
indication of performance in practical use. Importantly, our results extend the literature
by quantifying the incremental value of metadata integration. These findings indicate that
although absolute accuracy may be lower than in controlled studies, the robustness of
our approach in a real-world environment, combined with the added value of metadata,
underscores its potential for practical screening and triage applications.

4.4. Clinical Implications

Our results suggest that a wearable vest could function as a non-invasive triage tool
for CAD, suitable for use in community or outpatient settings where access to angiography
is limited. High sensitivity makes it well suited for screening, while metadata fusion
offers improved specificity to reduce unnecessary referrals. In scenarios where patient
information is unavailable or difficult to obtain, the vest alone still provides clinically
significant performance. The ability to balance channel count with diagnostic performance
further increases flexibility for different healthcare environments.

Beyond community screening, one potential application is in pre-operative risk assess-
ment, where undiagnosed CAD substantially increases perioperative complications [26].
While our study did not evaluate surgical cohorts directly, the vest’s ability to provide
rapid, non-invasive detection with over 80% accuracy suggests it may serve as a useful tool
in pre-operative settings. Future studies in surgical populations are required to confirm
this role.

4.5. Limitations and Future Scope

A major limitation of this study is that the study population consisted exclusively
of male participants. Sex-specific anatomical differences, including variations in chest
wall composition, breast tissue interposition, and sensor-skin coupling, may influence
acoustic signal propagation and the quality of phonocardiogram recordings. These factors
could potentially affect feature extraction and classification performance. Accordingly, the
present findings cannot be assumed to generalise directly to female populations. Larger
multicentre studies including female participants are required to determine whether model
retraining, sensor repositioning strategies, or sex-specific calibration may be necessary.
Additionally, data will be collected from other countries to broaden the scope of the
research. Physiological differences in the heart exist between different ethnicities. For
example, the average diameter of the coronary arteries in the South Asian population is
smaller compared to that of the Caucasian population [27], which can result in different
acoustic characteristics arising from CAD. Whether the same machine learning model can
be used across ethnic groups or if different models are required remains an open research
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question. The single-centre design and recruitment from a single geographic region limit
the external validity of the findings. Model performance may be influenced by centre-
specific patient characteristics and recording conditions. Additional multicentre studies
including diverse populations are required to evaluate generalisability across different
healthcare settings.

A statistically significant age difference existed between groups. Although resting
systolic ventricular performance and cardiac output are generally preserved with advancing
age in healthy individuals [28], age-related changes in thoracic tissue properties may
still influence acoustic recordings. Therefore, age-related confounding cannot be entirely
excluded, and age-matched validation cohorts are required in future investigations.

Another important limitation lies in data acquisition constraints. Although the wear-
able vest is designed for ease of use, the quality of the recorded signals can be affected by
incorrect sensor placement, variations in body dimensions, and movement artifacts. These
factors may compromise the consistency and reliability of the phonocardiogram recordings.

The relatively small sample size (1 = 80) is an important limitation and may contribute
to increased variability in performance estimates and potential optimistic bias, even when
repeated cross-validation is employed. Accordingly, the present findings should be in-
terpreted as preliminary and hypothesis-generating, and require confirmation in larger,
independent, multicentre populations before clinical translation can be considered.

An additional limitation is the uncertainty regarding the exact vascular source of
the murmurs. The thorax contains multiple vascular structures, and turbulent flow from
non-coronary vessels could contribute to the recorded signals. However, in this study,
coronary angiography provided definitive ground truth for CAD status, ensuring that
the labels used for model training corresponded specifically to the presence or absence of
significant coronary stenosis. Furthermore, the use of multiple PCG sensors across differ-
ent chest locations increases the likelihood that the models captured acoustic differences
associated with angiography-defined CAD rather than unrelated vascular or extracardiac
sounds. PCG sensor positions were selected on the recommendation of cardiologists and
corresponded to the standard auscultation sites (aortic, pulmonic, tricuspid, and mitral
areas), which are widely recognised as optimal for capturing heart sounds. While we
cannot prove the anatomic origin of the signal components, the consistent discrimination
between angiography-defined CAD and non-CAD suggests that the classifiers were de-
tecting acoustic signatures associated with angiography-defined CAD status. Additionally,
subjects were in a breath-held state, confirming that the acoustic recordings were not af-
fected by respiratory sounds. Although breath-hold recordings minimise respiratory noise,
pulmonary disease may alter acoustic transmission. Future studies should systematically
document respiratory comorbidities to confirm robustness.

Another consideration is the use of a balanced dataset, which does not reflect the true
prevalence of CAD in real-world populations. This design was intentionally chosen to
enable fair evaluation of model discrimination performance, ensuring that metrics such
as sensitivity and specificity were not biased by class imbalance. However, the positive
and negative predictive values derived from this study may not directly translate to
clinical settings. Future work should therefore evaluate model performance under realistic
prevalence conditions and assess the impact on predictive values.

CAD was defined anatomically as >50% luminal stenosis on coronary angiography,
without stratification by lesion location or functional significance. As the vest is intended as
a screening tool to detect the presence of anatomical CAD and prompt referral for definitive
testing, this endpoint was considered appropriate. Detailed plaque composition was not
available in this cohort. Although acoustic turbulence is primarily driven by luminal
narrowing, different plaque morphologies may theoretically influence flow dynamics
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and signal characteristics. Future studies incorporating plaque characterisation may help
determine whether plaque composition affects PCG-based detection performance.

The study did not include direct comparison with established imaging modalities such
as coronary CT angiography or stress testing. As the vest is intended as an initial screen-
ing tool rather than a replacement for imaging, future studies may explore comparative
evaluation within clinical diagnostic pathways. Additionally, as this study was designed
to evaluate diagnostic discrimination rather than causal effect estimation, formal propen-
sity score matching or multivariable causal adjustment was not performed. Nonetheless,
residual confounding related to demographic imbalance cannot be entirely excluded.

5. Conclusions

In this single-centre study, a wearable vest with integrated multi-channel PCG sen-
sors demonstrated clinically significant accuracy for discriminating CAD from non-CAD
subjects. Incorporating routinely available clinical metadata improved classification per-
formance. These findings support the potential of PCG-based acoustic analysis, with
or without metadata, as a fast and non-invasive tool for CAD pre-screening pending
validation in independent external cohorts. Larger, multicentre studies including fe-
male participants and diverse populations with realistic class representations are re-
quired to validate generalisability and to further assess clinical utility in community and
perioperative settings.
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