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Abstract:  Automated heart-sound classification can be affected by duplicate recordings, class
imbalance, and information leakage during data preparation. We evaluated an MFCC-based acoustic-
feature pipeline for recording-level normal-abnormal heart-sound classification. The assembled dataset
initially contained 3906 WAV files drawn from a subset of the PhysioNet/Computing in Cardiology
Challenge 2016 and the PASCAL Classifying Heart Sounds Challenge 2011. Byte-level deduplication
removed 266 copies before partitioning, leaving 3640 unique recordings. Eighteen global acoustic
features were extracted from each unique recording: 13 mean mel-frequency cepstral coefficients,
three MFCC dispersion or temporal-difference summaries, mean spectral centroid, and mean zero-
crossing rate. Logistic regression, a multilayer perceptron, LightGBM, and XGBoost were compared,
with Bayesian hyperparameter optimization conducted by five-fold grouped cross-validation within
the training partition for both gradient-boosting models. On the held-out set, Bayesian-optimized
LightGBM achieved an area under the receiver operating characteristic curve of 0.965 (recording-
level 95% bootstrap interval 0.951-0.976), accuracy of 0.920, and balanced accuracy of 0.886. The
results support the usefulness of the implemented feature set and gradient-boosting models for internal
classification within the assembled two-source dataset.

Keywords: heart sound; normal-abnormal classification; MFCC; gradient boosting; Bayesian
optimization

1. Introduction

Automated heart-sound classification offers a practical complement to cardiac auscultation, whose
interpretation varies with examiner training, recording quality, and clinical context.  Public
phonocardiogram (PCG) resources, including the PhysioNet/Computing in Cardiology Challenge
2016 [1,2] and the PASCAL Classifying Heart Sounds Challenge [3], have enabled normal-abnormal
classification from segmented and unsegmented recordings [4]. Because these resources combine
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recordings acquired under different devices, settings, and labeling practices, transparent data curation
and source-aware evaluation are important for reproducible model development. Cross-corpus and
validation studies further emphasize grouped partitioning, training-fitted preprocessing, and explicit
reporting in heterogeneous PCG datasets [5-8].

The analytical pipeline combines compact acoustic features with conventional machine learning.
Class imbalance is addressed by applying the synthetic minority over-sampling technique (SMOTE)
within the training data [9]. MFCCs summarize the spectral envelope on a perceptually motivated
frequency scale [10], while LightGBM and XGBoost capture nonlinear interactions among tabular
acoustic features [11, 12]. Because model performance depends on the selected hyperparameters,
manually testing many candidate combinations can be time-consuming. Bayesian optimization
therefore provides an efficient strategy for searching the parameter space [13].

Here, we first curated public heart-sound recordings and removed byte-identical duplicates, then
extracted 18 acoustic features from 3640 unique recordings and established a fixed group-aware
training-test split.  Standardization, SMOTE, and Bayesian hyperparameter optimization were
performed within the training data before comparing logistic regression, a multilayer perceptron,
LightGBM, and XGBoost. Feature ablation and recording-level bootstrap intervals supplemented the
model comparison. This workflow establishes a reproducible internal classification baseline for the
assembled public recordings and supports subsequent evaluation on independent data sources.
Transparent provenance, software environments, and preprocessing implementations further support
reproducibility of the workflow [14-17].

2. Related work

Early PCG classification pipelines often segmented recordings into S1, systole, S2, and diastole
before extracting cycle-level descriptors. Duration-dependent hidden Markov and hidden
semi-Markov models established influential formulations for this step [18, 19]. Challenge systems
then combined time—frequency, cepstral, and wavelet features with AdaBoost, convolutional neural
networks, support-vector machines, or neural ensembles [20-24]. Alongside these segmented
approaches, unsegmented spectral and wavelet analyses demonstrated the feasibility of
whole-recording representations [4]. Collectively, this work shows that handcrafted acoustic features
can support heart-sound classification while reducing reliance on exact cycle segmentation. Table 1
summarizes representative methodological choices and their relevance to the present study.

Studies have shifted representation learning toward deep models. Improved MFCC features,
convolutional recurrent networks, wavelet scattering, learnable front ends, and unsegmented neural
systems have been used to preserve local temporal structure beyond global summary
statistics [25-28]; a survey further highlights the continuing importance of data quality and
generalization [29]. The evidence base has also expanded through richly annotated pediatric
recordings in CirCor DigiScope and multi-location recordings in PhysioNet Challenge 2022 [30, 31],
while methods such as PCGmix illustrate ongoing interest in data augmentation [32]. Fuadah et al.
present a closely related MFCC-based conventional-learning baseline with grid-search tuning on
public challenge recordings [33]. Recent work has explored temporal convolution and asynchronous
channel fusion across public PCG databases to address domain adaptation and external
performance [34]. These developments broaden the available tasks and resources, although
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differences in data sources, label definitions, and endpoints require method-focused rather than direct
score-based comparisons.

Table 1. Representative heart-sound studies and their relevance to this study.

Study Primary Evaluation setting Relevance or distinction
representation

Schmidt et Duration-dependent Heart-state segmentation Established cycle-state modeling used

al. [18] HMM by later PCG classifiers.

Springer et Logistic Heterogeneous PCG Widely adopted segmentation front

al. [19] regression-HSMM segmentation end for comparison with the
whole-recording feature extraction
used here.

Potes et al. [20] Handcrafted features ~ PhysioNet/CinC hidden Segmented ensemble for comparison

Rubin et al. [21]

Tschannen et

al. [22]

Zabihi et al. [23]

Langley and

Murray [4]

Yaseen et al. [24]

Deng et al. [25]

Mei et al. [26]

Liu et al. [27]

Koike et al. [5]

+ CNN ensemble

MFCC heat maps +
CNN

Wavelet-CNN
features + SVM

Feature-based neural

ensembles

Spectral and wavelet

summaries

Multiple handcrafted
feature families
Improved MFCC +
CRNN

Quality assessment +

wavelet scattering

Learnable front end +
attention
Cross-corpus transfer

+ augmentation

challenge test

PhysioNet/CinC Challenge

PhysioNet/CinC hidden

challenge test

PhysioNet/CinC Challenge

Unsegmented public PCGs

Normal/abnormal
classification

PCQG classification experiments

PCG classification experiments

Deep heart-sound classification

Training and testing on distinct

corpora

with the whole-recording
MFCC-based representation evaluated
here.

Retains local time—frequency
structure; our features temporally
aggregate each recording.

Hybrid learned and summary
representation requiring cycle
segmentation.

Demonstrated a segmentation-free
alternative on heterogeneous
recordings.

Closest methodological precedent for
whole-recording acoustic-feature
analysis.

Supports complementary temporal,
spectral, and cepstral information.
Learns temporal structure at greater
model complexity than the present
tabular pipeline.

Explicitly incorporates signal quality,
which our source labels do not provide
uniformly.

Mlustrates contemporary end-to-end
feature learning.

Shows why pooled-source internal
validation should not be interpreted as

external generalization.

Big Data and Information Analytics

Volume 10, 275-293.



278

Across these directions, evaluation depends on how recordings are curated, grouped, preprocessed,
and used for model selection. Cross-corpus transfer and augmentation studies underscore the value of
independent evaluation [5, 32], while methodological work on grouping and leakage motivates
source-aware partitioning and training-fitted operations [6-8]. In this context, we removed
byte-identical duplicates, extracted 18 recording-level acoustic features, and compared logistic
regression, a multilayer perceptron, LightGBM, and XGBoost under a fixed group-aware held-out
design. Standardization, SMOTE, and Bayesian hyperparameter optimization are performed within
the training data, with feature ablation and recording-level bootstrap intervals used to complement the
internal model comparison.

3. Materials and methods

3.1. Study design and target definition

The analysis was a retrospective computational study of publicly available, de-identified PCG
recordings. The prediction unit was one WAV recording and the binary target was the directory label,
normal (0) or abnormal (1). The positive class was not interpreted as congenital heart disease,
coronary heart disease, or any single pathology because the source datasets contained heterogeneous
abnormalities and did not support a uniform disease-specific label. All sample counts referred to
original WAV recordings rather than participants or synthetic observations.

The analytical workflow comprised file inventory and hashing, removal of byte-identical
duplicates, assignment of source and grouping identifiers, recording-level feature extraction, creation
of a fixed grouped hold-out split, and training-only fitting of all learned preprocessing, resampling,
and hyperparameter-selection procedures. Figure 1 makes the train—test boundary explicit, and
Figure 2 reports the effect of deduplication on dataset composition.

Inventory Deduplication Feature construction Grouped split
3,906 WAV files ’ SHA-256 hashing > 3,640 retained records > 2,912 training
Two public sources 266 copies removed 18 acoustic features 728 held-out test

v

Model development Held-out evaluation
Training data only ’ 728 original recordings
5-fold grouped validation Final model comparison
Scaling, SMOTE, No fitting or tuning

and hyperparameter selection 1,000 stratified bootstraps

Figure 1. Leakage-controlled study workflow.
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3.2. Data sources and deduplication

The assembled corpus contained 3906 files: 3160 files with PhysioNet/CinC-style identifiers
and 746 files attributed to the PASCAL/Bentley collection. The PhysioNet portion comprised a subset
of the Challenge 2016 training resource. PhysioNet provided open access to the recordings under the
terms shown on the resource page [1,2, 14]. The PASCAL portion comprised available normal and
murmur challenge recordings [3]. This was a secondary analysis of de-identified public recordings
with no new recruitment, intervention, participant contact, or re-identification; accordingly, no new
ethics approval was sought for this analysis.

For every file, a SHA-256 digest was calculated from the raw bytes. Files with identical digests
and the same label were treated as duplicates, and one deterministic representative was retained. No
identical digest occurred across conflicting labels. This procedure removed 266 duplicate copies and
left 3640 recordings. The removed copies all came from repeated PASCAL/Bentley files in the
assembled corpus. Table 2 gives the resulting counts.

Table 2. Recording counts before and after deduplication.

Source Before deduplication After deduplication Removed
Normal Abnormal Normal Abnormal copies

PhysioNet/CinC 2016 subset 2495 665 2495 665 0

PASCAL/Bentley 2011 551 195 351 129 266

Total 3046 860 2846 794 266

Il Normal [ Abnormal

a Before deduplication b After deduplication

2,495 2,495
2500

2000 +

1500

Recordings

1000

551

500

351
195

129

PASCAL/Bentley PhysioNet/CinC PASCAL/Bentley PhysioNet/CinC

Figure 2. Dataset composition before and after deduplication.

3.3. Grouping and fixed held-out split

PASCAL/Bentley filenames that encoded a three-digit participant identifier were grouped by that
identifier; multiple recordings from the same encoded participant were therefore kept together. When
no participant identifier was recoverable, a recording-level group was used. The local PhysioNet subset
did not include a reliable patient mapping in the assembled directory, so each PhysioNet file was treated
as a recording-level group. This approach was stricter than row-level splitting but did not guarantee
patient-level separation for every PhysioNet record; this limitation is noted in the interpretation.
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A StratifiedGroupKFold splitter with five folds, shuffling, and random seed 42 was applied to strata
defined jointly by corpus and class. The first fold was designated as the held-out test set, giving 2912
training recordings and 728 test recordings. The test set contained 569 normal and 159 abnormal
recordings, with both sources represented (Table 3). The test set was excluded from scaling, SMOTE,
early stopping, pipeline fitting, and hyperparameter selection. It was used only for the final comparison
of the prespecified model configurations.

Table 3. Fixed grouped data split by source and class.

Partition Source Normal Abnormal Total
Training PhysioNet/CinC 2016 subset 1996 532 2528
Training PASCAL/Bentley 2011 281 103 384
Held-out test PhysioNet/CinC 2016 subset 499 133 632
Held-out test PASCAL/Bentley 2011 70 26 96
Total Both sources 2846 794 3640

3.4. Acoustic feature construction

Each recording was converted to mono and resampled to 22.05 kHz using librosa 0.11.0 [15]. The
implementation used its defaults of a centered 2048-sample Hann window, a 512-sample hop, a power
spectrogram, and 128 area-normalized mel filters. The default Slaney mel scale was therefore

(f) = {3 £/200, 0 < f < 1000,

3.1
15+ 271In(f/1000)/ In(6.4), f > 1000, G-

where f denotes acoustic frequency in hertz and m(f) is the corresponding frequency on the mel
scale. Thirteen MFCC sequences were calculated from each complete recording. Let E;(¢) be the log
energy in mel filter j at frame 7. With the orthonormal type-II discrete cosine transform used by the
implementation, a cepstral coefficient can be written as

= k 1
clt) = ay JZ:(; E;(t)cos [M (j + E)

where @y = M~'/? and oy = (2/M)"/? for k > 0. Here, M is the number of mel filters, j indexes the
filters, k indexes the cepstral coeflicients, ¢ indexes the analysis frames, and 7 is the total number of
frames in a recording. The temporal mean of coefficient k is:

; (3.2)

1 T
&= Z o),  k=0,...,12. (3.3)
=1

Dynamic cepstral coefficients were calculated with librosa’s local polynomial derivative operator.
Here, Aci(f) and Ac(f) denote the first- and second-order temporal differences of the kth MFCC
sequence, respectively. Such delta features were introduced to capture spectral change that static
coefficients omit [35]. The three global MFCC dispersion/dynamics summaries are defined

as follows:
12

1 12 T
se = —TZZ a®=pe)| (3.4)
k=0

t=1
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1
Ha = T3 D D Aad, (3.5)
k=0 t=1
~ 1 12 T ) )
v = ) D (B — ), (3.6)
k=0 t=1

where u. and p,» denote the corresponding matrix means. Two complementary time—frequency
descriptors were then appended. Given the short-time Fourier magnitude A,(b) and the bin-center
frequency f;,, where b indexes the frequency bins, the frame spectral centroid was

2 JoAi(D)

SC@) = ,
0=, A0

1 <&
SC== ; SC(). (3.7)

For a waveform frame x,(n) of length N, where n is the within-frame sample index, the zero-crossing
rate was

N-1
ZCR() = % Zl |sgn (x,(m) — sgn (x(n — D). (3.8)
followed by its frame mean. Spectral centroid and zero-crossing rate are low-cost audio descriptors; in
PCG recordings, they should be regarded as signal summaries, not direct physiological measurements.

Table 4 maps the implemented columns to their dimensions and intended information. The
final 18-dimensional vector comprised 13 MFCC means, the MFCC distribution/difference
summaries, mean spectral centroid, and mean zero-crossing rate. These are global recording
summaries rather than a frame sequence; accordingly, the comparison focused on classifiers designed
for fixed-length tabular inputs.

Table 4. Acoustic feature vector.

Feature group Dimension Information summarized

MFCC temporal means 13 Average mel-cepstral spectral-envelope shape over
(€o—C12) the recording.

MFCC matrix standard 1 Overall dispersion across coefficient and frame
deviation (s.) indices.

Mean first difference (i) 1 Average first-order local cepstral change.
Second-difference variance 1 Variability of cepstral acceleration across the
(va2) recording.

Mean spectral centroid (S C) 1 Magnitude-weighted center of spectral energy.
Mean zero-crossing rate 1 Average rate of waveform sign changes.

(ZCR)

Total 18 Fixed-length vector supplied to every classifier.

3.5. Leakage-controlled preprocessing and classifiers

Every estimator was implemented as a single imbalanced-learn pipeline [16]. Within each training
fold, StandardScaler first estimated the feature mean and standard deviation, after which SMOTE with
five neighbors generated minority-class feature vectors. Outer validation-fold and held-out test
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recordings were transformed using training-fold statistics and were never oversampled. For the MLP,
scikit-learn drew its 15% early-stopping subset from the already standardized and SMOTE-resampled
training matrix; this internal subset contained no outer-validation or held-out-test rows.

For feature j, standardization used only the n recordings in the active training fold:

(tr)
Xij = H; . 1
= —s M =— > x; (3.9)

(tr) n
o j U et

Here, i indexes recordings, j indexes features, and ,ui.tr) and O'(I-tr) are the mean and standard deviation

of feature j, estimated exclusively from the 7, recordings in the active training fold. SMOTE then
selected a minority observation z;, one of its minority-class neighbors z;,,, and 4 ~ U(0, 1) to form [9]

Znew = Zi t /I(Zi,nn - Zi)- (310)

This ordering is important: neighbor geometry was defined in the training-standardized space, and no
validation/test vector could act as an interpolation endpoint.

Four model families were compared. Logistic regression provided a linear reference. The multilayer
perceptron (MLP) used two hidden layers of 128 and 64 rectified-linear units, L, coefficient 107>, Adam
optimization, and early stopping on the internal post-SMOTE subset described above. The LightGBM
baseline used 400 trees, learning rate 0.05, 31 leaves, and L,/L, regularization of 0.1. The XGBoost
baseline used 400 trees, learning rate 0.05, maximum depth 5, row and column subsampling of 0.8,
and fixed regularization. In generic gradient boosting, an additive predictor is updated as [36]

Fyu(x) = Fu1(x) + nhy(x), (3.11)

where F,,(x) is the additive predictor after boosting iteration m, h,,(x) is the tree fitted at that iteration,
and 7 is the learning rate. LightGBM and XGBoost use different tree-growing and system-level
strategies around this common additive principle [11, 12].

LightGBM and XGBoost were additionally tuned by Gaussian-process Bayesian search with 20
proposed configurations. The search objective was mean receiver operating characteristic area under
the curve (AUROC) across an inner five-fold stratified group cross-validation of the training set. The
searched parameters covered tree depth or leaf count, learning rate, child-size controls, row/feature
subsampling, and L;/L, penalties (Table 5). Log-uniform priors were used for learning rate and
regularization magnitudes. The held-out test set was evaluated once after refitting the selected
configuration to all training data. This separation guards against selection-induced optimism: reusing
the same validation results to choose a configuration and report its error can bias performance
estimates [37,38].

3.6. Evaluation and feature ablation

The primary metric was AUROC, supplemented by accuracy, balanced accuracy, sensitivity,
specificity, positive predictive value, F1 score, average precision, and Matthews correlation
coefficient. AUROC summarizes ranking across all thresholds [39], whereas average precision
emphasizes positive-class retrieval and is informative under class imbalance [40]. For a confusion
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Table 5. Model configurations and Bayesian search domains.

Model Fixed baseline configuration BO configuration or search domain
Logistic regression Maximum 3000 iterations Not tuned
MLP Hidden layers 128/64; @ = 1073; Not tuned

learning rate 1073; 15% post-SMOTE

internal validation; maximum 500

iterations
LightGBM 400 trees; learning rate 0.05; 31 500 trees; leaves [16,96]; depth [3,12]; learning
leaves; 11 = 1, = 0.1 rate [0.005,0.2]; minimum child samples
[10,100]; feature fraction [0.6,1.0]; A; [107*,1];
A [1074,2]
XGBoost 400 trees; learning rate 0.05; depth 5; 500 trees; depth [3,10]; learning rate [0.005,0.2];
row/column fractions 0.8; 1; = 0.1, child weight [1,10]; row/column fractions
=1 [0.6,1.0]; A; [107*,1]; A, [1073,5]

matrix with true positives T P, true negatives TN, false positives F P, and false negatives F'N, the two
principal threshold-dependent summaries were

1, TP T
BAcc = —( . ) (3.12)
\TPr PN T TN FP
and TP-TN—FP-FN
(3.13)

C= .
V(TP + FP)TP+ FN)TN + FP)(TN + FN)

MCC is a correlation-like summary that remains informative when class sizes differ [41]. The
decision threshold was 0.5 and was not optimized on the held-out set. Two-sided 95% percentile
intervals were obtained from 1000 class-stratified bootstrap samples of the held-out recordings,
following the nonparametric bootstrap principle [42]. Because this bootstrap resampled recordings
rather than confirmed patients, the intervals quantified recording-level sampling uncertainty only.

Feature ablation was restricted to the training data and used five-fold stratified group
cross-validation with the baseline LightGBM model. Three nested feature sets were compared: 13
MFCC means; the MFCC means plus three dispersion/difference summaries (16 features); and all 18
acoustic features after adding spectral centroid and zero-crossing rate.

3.7. Reproducibility and software

All analyses were conducted in Python 3.12 with NumPy, pandas, SciPy, librosa, scikit-learn [17],
imbalanced-learn, LightGBM, XGBoost, and scikit-optimize. Package versions were fixed with uv;
random seeds were set to 42 where supported. The supplementary package contained the analysis
script, environment lock file, file-level deduplicated index, derived feature table, split manifest, model
metrics, Bayesian-search parameters, and figure-generation code. Raw audio was not redistributed and
remains available from the original providers.
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4. Results

4.1. Dataset composition and held-out set

Byte-level deduplication identified 266 duplicate copies among the 3906 assembled files,
corresponding to 6.81% of the corpus. After their removal, 3640 recordings remained across 3385
grouping identifiers. The class distribution was 2846 normal (78.19%) and 794 abnormal (21.81%).
Deduplication affected only the PASCAL/Bentley portion, reducing it from 746 files to 480
recordings; no byte-identical conflict crossed the normal-abnormal boundary.

The fixed held-out set contained 728 original recordings and no synthetic samples. It preserved the
assembled class proportions and included 632 PhysioNet/CinC-style recordings and 96
PASCAL/Bentley recordings. All subsequent held-out results refer to this same fixed set.

4.2. Held-out test performance

Table 6 reports the held-out metrics. The Bayesian-optimized LightGBM produced the highest
held-out AUROC of 0.965 (95% recording-level bootstrap interval: 0.951-0.976) and accuracy of
0.920 (interval: 0.901-0.941). Its balanced accuracy was 0.886 (0.854—0.917), with sensitivity 0.824
and specificity 0.947. It correctly classified 539 of 569 normal recordings and 131 of 159 abnormal
recordings, giving 30 false positives and 28 false negatives. The untuned LightGBM was nearly
identical in ranking performance (AUROC 0.964) and balanced accuracy (0.886), so the observed
benefit of Bayesian search was incremental rather than transformative.

Table 6. Held-out test-set performance.

Model Accuracy BAcc Sensitivity  Specificity Precision F1 AUROC AP MCC
Logistic regression 0.680 0.673  0.660 0.685 0.370 0.474 0.755 0.420 0.293
MLP 0.880 0.862 0.830 0.895 0.688 0.752 0944 0.857 0.680
LightGBM 0.913 0.886 0.836 0.935 0.782 0.809 0.964 0.896 0.753
LightGBM +

Bayesian optimization  0.920 0.886 0.824 0.947 0.814 0.819 0.965 0.899 0.768
XGBoost 0.916 0.894 0.855 0.933 0.782 0.817 0.962 0.884 0.764
XGBoost +

Bayesian optimization 0.913 0.883  0.830 0.937 0.786 0.807 0.963 0.890 0.752

Untuned XGBoost achieved the highest balanced accuracy (0.894) and sensitivity (0.855), while
its AUROC was 0.962. Bayesian tuning increased XGBoost AUROC by less than 0.001 but reduced
its threshold-dependent balanced accuracy to 0.883. The MLP remained competitive (AUROC 0.944),
whereas logistic regression was substantially weaker (AUROC 0.755 and balanced accuracy 0.673).
These comparisons were descriptive for one fixed held-out set and were not treated as pairwise
significance tests. The complete ROC curves and the confusion matrices for the two highest-AUROC
models are shown in Figures 4 and 5, respectively.

Figure 3 shows that the four boosted configurations had substantially overlapping recording-level
intervals. For example, the Bayesian LightGBM AUROC interval (0.951-0.976) overlapped the
untuned LightGBM (0.952-0.975), untuned XGBoost (0.949-0.974), and Bayesian XGBoost
(0.949-0.975). The nonlinear models showed markedly higher point estimates than the linear
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reference, but the overlapping intervals did not establish a clear performance advantage of one
boosted configuration over another.

a b
0.965 0.886
LightGBM + BO - o+ —e—
0.964 0.886
LightGBM - o —e—
0.963 0.883
XGBoost + BO - o+ —e—
0.962 0.894
XGBoost e —eo—
0.944 0.862
MLP —m— —n—
0.755 0.673
Logistic 1 pF——0— —e—
T T T T T T T T T T T T T
0.70 0.75 0.80 0.85 0.90 0.95 1.00 065 070 075 080 085 090 0.95
AUROC Balanced accuracy

Figure 3. Held-out AUROC and balanced accuracy with bootstrap intervals.
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=== LightGBM + BO (0.965)
——— XGBoost (0.962)
A — == XGBoost + BO (0.963)
00 T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

False-positive rate

Figure 4. Held-out receiver operating characteristic curves.
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a LightGBM + BO b LightGBM

Normal Normal

True class

Abnormal Abnormal

Normal Abnormal Normal Abnormal
Predicted class Predicted class

Figure 5. Confusion matrices of the two highest-AUROC models.

The selected Bayesian configurations are reported in Table 7 for reproducibility. Their inner
grouped cross-validation AUROCSs were also similar (0.945 for LightGBM and 0.946 for XGBoost).
The selected regularization magnitudes for LightGBM were close to the lower search boundary, while
the XGBoost search selected stronger L, regularization and full row sampling. These are empirical
settings for the development corpus, not universal recommendations.

Table 7. Bayesian-optimized model configurations.

Model Selected configuration Inner CV AUROC
LightGBM + BO leaves 46; depth 11; learning rate 0.0663; minimum child samples 47; 0.945

feature fraction 0.982; 4; = 0.000701; 1, = 0.000100
XGBoost + BO depth 8; learning rate 0.0205; minimum child weight 1; row fraction 1.0; 0.946

column fraction 0.6; 4; = 0.0001; 1, = 5.0

4.3. Feature ablation and model-specific importance

Table 8 summarizes the feature ablation. Adding the MFCC dispersion and difference summaries
increased mean cross-validated AUROC from 0.913 to 0.921. Adding spectral centroid and
zero-crossing rate produced a further increase to 0.945, together with balanced accuracy of 0.848
versus 0.804 for the 13 MFCC means alone. The 18-feature set improved sensitivity and specificity in
these folds. Because the ablation was performed inside the model-development data, it supported
retention of the full 18-feature vector but was not an independent estimate of its performance gain.

The staged gains were not confined to a single metric (Figure 6). Relative to the 13 MFCC means,
the full vector increased mean sensitivity by 0.065 and specificity by 0.022. This pattern suggests that
the additional summaries helped identify abnormal recordings and that the AUROC improvement was
not solely due to shifting predictions toward the minority class. Fold-level variability and the absence
of an outer ablation test nevertheless preclude a causal claim about any individual descriptor.

Figure 7 shows model-specific split-count importance for the highest-AUROC tree pipeline. It is
provided to inspect the fitted model, not as evidence for any feature’s causal physiological role.
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Table 8. Feature ablation with grouped cross-validation.

Feature set Accuracy  BAcc  Sensitivity  Specificity  F1 AUROC  MCC
MFCC means (13) 0.859 0.804  0.707 0.901 0.686 0913 0.596
MFCC means + dispersion

/difference summaries (16) 0.862 0.811 0.721 0.902 0.695 0.921 0.608
All acoustic summaries (18)  0.890 0.848  0.772 0.924 0.755  0.945 0.685

® MFCCmeans(13) W MFCC + dynamics (16)

& All summaries (18)

AUROC - o-u *
Balanced accuracy - on *
Sensitivity o H *
Specificity u L g
T T T T T T
0.70 0.75 0.80 0.85 0.90 0.95

Mean grouped cross-validation score

Figure 6. Cross-validation scores for the nested feature sets.

Spectral centroid
Zero-crossing rate
Second-difference variance
MFCC 7 mean

MFCC 3 mean

MFCC 10 mean

MFCC 0 mean
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5. Discussions

After duplicate removal and leakage-controlled evaluation, the MFCC-based feature set supported
strong internal discrimination in the assembled dataset. Bayesian-optimized LightGBM achieved an
AUROC of 0.965 and accuracy of 0.920, while untuned XGBoost achieved the highest balanced
accuracy of 0.894. Feature ablation showed that adding MFCC dynamics, spectral centroid, and
zero-crossing rate increased mean grouped cross-validated AUROC from 0.913 to 0.945. These
estimates describe the fixed held-out partition of the same two-source corpus. Removing 266 repeated
PASCAL/Bentley files before partitioning and applying SMOTE only within training folds kept
duplicate recordings and synthetic observations outside the held-out evaluation.

The AUROC and threshold-dependent metrics provide complementary views of model behavior.
AUROC evaluates ranking across thresholds, whereas balanced accuracy, sensitivity, and specificity
describe the selected 0.5 operating point; this distinction explains the different leading models for
AUROC and balanced accuracy. Average precision reached 0.899 against an abnormal-recording
prevalence of 21.81%, while retaining the expected dependence on class prevalence. The 18-feature
vector summarizes spectral-envelope shape, MFCC dynamics, brightness, and sign-change rate;
MFCC filter-bank compression offers a practical PCG representation [10], and the nonlinear
interactions in the table are well suited to LightGBM and XGBoost [11, 12]. Bayesian search
improves configuration selection without exhaustive enumeration [13], although the bootstrap
intervals quantify recording-level variation conditional on the fixed data construction and
fitted pipelines.

The results are consistent with the broader development of PCG classification. PhysioNet/CinC
challenge systems combined segmentation, engineered features, and learned representations, while
other studies established whole-recording spectral, wavelet, and ensemble alternatives [1,2,4,20-23].
Fuadah et al. present a close conventional-learning precedent by combining MFCCs with grid-search
tuning, whereas Shin et al. addressed cross-database adaptation with temporal convolution and
asynchronous channel fusion [33,34]. Contemporary murmur datasets and augmentation methods
extend the available tasks, but their data sources, endpoints, and evaluation protocols differ from the
binary labels used here [30, 31]. The appropriate comparison is therefore methodological: this
workflow documents source composition, duplicate removal, grouping, training-fitted preprocessing,
separation of tuning from held-out scoring, and recording-level uncertainty. These choices apply
established guidance on leakage and structured-data validation to the assembled PCG corpus [6-8].

Clinical translation requires alignment among intended use, target population, data-generating
process, and prospective evaluation, together with transparent reporting of data flow, outcome
definitions, model development, and uncertainty [43, 44]. This analysis is defined as
normal—abnormal recording classification from public labels, with partial patient-level provenance
and global acoustic summaries; clinical calibration, subgroup performance, workflow integration, and
comparison with clinicians remain topics for a patient-level external study. A common benchmark
could compare multidomain SVM features, denoising-autoencoder representations, compact
one-dimensional CNNs, engineered-feature convolutions, and learnable filterbanks on the same
deduplicated patient-grouped development set and untouched external corpora [45-49]. These
estimates also reflect a finite Bayesian-search budget, a single random seed and a single held-out split,
and recording-level bootstrap sampling; cross-validation uncertainty can remain substantial even
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when point estimates appear precise [50]. Acoustic fingerprinting, calibration analysis, decision-curve
evaluation, and prospective utility assessment would extend this baseline in future work.

6. Conclusions

In a deduplicated, group-held-out dataset of 3640 public heart-sound recordings,
Bayesian-optimized LightGBM achieved an AUROC of 0.965 and an accuracy of 0.920, while
untuned XGBoost achieved the highest balanced accuracy of 0.894. The complete 18-feature vector
also outperformed the MFCC means alone in the training-only grouped ablation. These results
demonstrate that the MFCC-based representation contains useful class-separating information for
internal normal-abnormal classification within the audited pooled dataset.

The broader conclusion is methodological: a train—test boundary must be established before any
operation that learns from the dataset or creates synthetic observations. Deduplication, patient/record
grouping, training-only preprocessing, and transparent reporting are necessary to distinguish a useful
acoustic model from an optimistic evaluation. The resulting analysis provides a reproducible internal
baseline for future patient-level and external validation, but it does not support disease-specific or
clinical diagnostic claims.
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