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Valvular Heart Disease (VHD) is a significant cause of mortality worldwide. Although
extensive research has been conducted to address this issue, practical implementation of existing
VHD detection results in medicine still falls short of optimal performance. Recent investigations
into machine learning for VHD detection have achieved commendable accuracy, sensitivity,
and robustness. To address this limitation, our research proposes utilizing Selective
Phonocardiogram Features Driven by Convolutional Neural Networks (SFD-CNN) to enhance
VHD detection. Notably, SFD-CNN operates on phonocardiogram (PCG) signals,
distinguishing itself from existing methods based on electrocardiogram (ECG) signals. We
present two experimental scenarios to assess the performance of SFD-CNN: one under default
parameter conditions and another with hyperparameter tuning. The experimental results
demonstrate that SFD-CNN surpasses other existing models, achieving outstanding accuracy
(96.80%), precision (93.25%), sensitivity (91.99%), specificity (98.00%), and F1-score
(92.09%). The outstanding performance of SFD-CNN in VHD detection suggests that it holds
great promise for practical use in various medical applications. Its potential lies in its ability to
accurately identify and classify VHD, enabling early detection and timely intervention. SFD-
CNN could significantly improve patient outcomes and reduce the burden on healthcare
systems. With further development and refinement, SFD-CNN has the potential to revolutionize

the field of VHD detection and become an indispensable tool for healthcare professionals.

INTRODUCTION

Valvular Heart Disease (VHD) is caused by functional disorders
in one or more heart valves, such as the tricuspid, pulmonary,
mitral, and aortic valves. VHD can result from congenital or birth
defects or infections that damage the heart valves [1]. The
presence of VHD was found to be independently associated with
a 65% increased risk of all-cause mortality and a 72% increased
risk of cardiovascular mortality [2]. While electrocardiogram
(ECG) technology can identify VHD, it is expensive. Therefore,
with the growing development of technologies such as healthcare
applications [3], a more cost-effective approach is needed to
detect VHD using phonocardiogram (PCG) signals. However,
identifying heart sound abnormalities indicating VHD through
PCG has limitations, as it requires medical experts with skill and
experience. Furthermore, this procedure may be subject to
inaccuracies depending on the physician's hearing health.
Therefore, some researchers suggest using deep learning
algorithms to interpret patient phonocardiogram signals [4], [5]-
In addition to deep learning, other researchers also employ
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standard machine learning algorithms to identify VHDs, as
demonstrated in [6], [7], [8], [9], [10]. Another method
researchers use to identify VHD is ensemble learning (EL).
Several researchers, such as in [11], [12], [13] utilized the method
in phonocardiogram signals.

Detecting valvular heart disease (VHD) based on
phonocardiograms  involves  several  sequential  steps.
Commencing with preprocessing, this initial and pivotal step
aims to eliminate noise and minimize abnormal data [11], [14].
Following preprocessing, the feature extraction phase identifies
and extracts crucial elements from the phonocardiogram signal
relevant to VHD. This involves activities such as recognizing
frequency patterns or sound waveforms. The extracted features
are then input into a classifier, typically artificial neural networks
[5], [15] to determine the presence of VHD by analyzing the
signal's waveforms.

Numerous studies have explored artificial intelligence-based
VHD detection on phonocardiograms. Generally, these studies
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[71, [8], [16], [17], [18] employ signal morphology-based feature
extraction, such as Discrete Wavelet Transform (DWT) and Mel
Frequency Cepstral Coefficients (MFCC), combined with classic
machine learning algorithms like Support Vector Machine
(SVM), K-Nearest Neighbor (KNN), and Multi-Layer Perceptron
(MLP). Some researchers opt for different classification
algorithms, such as deep learning (DL) [16], [19] or ensemble
learning (EL) Sinha Roy et al. [20]. However, suboptimal results
often occur due to incorrect feature extraction algorithms and
classifier configurations.

In studies conducted by [7], [8], [17], [18], the accuracy obtained
was consistently less than 95%. For instance, Yaumil et al. [7]
applied MFCC with an SVM classifier, while Bhole et al. [8]
incorporated MFCC, Zero Crossing Rate (ZCR), peak amplitude,
and classifiers such as KNN, Adaboost, and SVM. Li et al. [17]
experimented with SVM and Twin Support Vector Machine
(TWSVM) classifier configurations using features from wavelets
and entropy. Binta et al. [18] explored the combination of features
from MFCC and DWT with an SVM classifier.

Research adopting DL [16], [19] as a classifier demonstrated high
VHD detection accuracy, but concerns about overfitting arose.
For instance, Alqudah et al. [16] combined an FFT-based feature
extraction algorithm with DL classifiers like CNN, CNN-SVM,
and CNN-KKN. Meanwhile, Karhade et al. [19] used time-
frequency-domain-based feature extraction with a CNN
classifier.

Similarly, researchers employ the EL algorithm [12], [13], [20]
as a classifier. For instance, Sinha Roy et al. [20] encountered
accuracy challenges, achieving only around 96%. Sinha Roy et
al. [20] also employed feature extraction algorithms such as Root
Mean Square (RMS), signal energy, signal power, ZCR,
skewness, kurtosis, and DWT. For the classifier, Sinha Roy et al.
[20] considered the use of Random Forest (RF), Decision Tree
(DT), Gradient Boosting (GB), and Xgboost (XGB) algorithms.
While Ghosh et al. [12] used the RF classifier with time-
frequency feature extraction, and Tuncer et al. [13] used their own
proposed method, such as Phonocardiogram- Tent pooling (PCG-
TEP) and Iterative neighborhood component analysis (INCA)
used the DT classifier whose accuracy is still less than 95%.

To address the challenges identified in previous studies, this
research proposes an improved approach to detecting VHD.
Specifically, this study considers a DWT-based feature extraction
algorithm with a CNN classifier. In contrast to earlier studies, this
research stands out by meticulously selecting 100 combinations
of Daubechies wavelet basis functions and level decompositions,
ranging from one to ten. Furthermore, the setting parameters of
the classifier used in this research also differ from previous
studies. Instead of following established parameters, this study
opts for default CNN settings combined with hyperparameter
tuning using gridSearchCV. This distinctive approach aims to
enhance the accuracy and robustness of valvular heart disease
(VHD) detection, setting it apart from conventional methods
employed in the field. This study contributes significantly to heart
sound analysis, encapsulated in the proposed Selective
Phonocardiogram Features Driven by Convolutional Neural
Networks (SFD-CNN). A notable aspect of this research lies in
its emphasis on augmenting accuracy rates through implementing

https://doi.org/10.25077/jnte.v13n1.1184.2024

a selective features approach to Phonocardiogram (PCG) signals,
a pioneering step many researchers in the field still need to
explore. The study systematically compares various machine
learning models applied to the same dataset, comprehensively
evaluating their effectiveness. Furthermore, the research
meticulously assesses the SFD-CNN model through two distinct
experimental scenarios: one without tuning and another with
hyperparameter tuning.

RELATED WORK

This section delves into Valvular Heart Disease (VHD) research
that utilizes machine learning techniques. Various studies,
including those by researchers in [5], [15], [21], [22], have
suggested employing CNN classification and DWT feature
extraction methods to enhance VHD detection.

Alkhodari et al. [5] employed the CNN-BiLSTM approach along
with DWT and CWT, achieving an accuracy of 87.31%,
sensitivity of 92.78%, and specificity of 79.48%. Similarly, Roy
et al. [21] utilized a CNN Residual Net model with MFCC and
DWT, achieving notable results with 97.32% accuracy, 98.42%
precision, 98.32% recall, and a 98.35% F1-score. Aljohani et al.
[15] applied CNN classification with DWT and MFCC, obtaining
a precision, recall, and Fl-score of 95.5%. However, their
reported results need to be more precise.

Flores et al. [22] utilized CNN classification with DWT, MFCC,
and CWT, reporting validation results of 99.20% accuracy,
99.80% precision, 95.50% recall, and a 95.5% F1-score. Notably,
they trained on 80% of the data without separate testing, thus
needing more accuracy values for the test data. Roy et al. [21]
used various CNN classification models, with the Xception CNN
model achieving the highest accuracy rate of 99.43%. However,
the drawback of their research is the extended training time
required to achieve 99.43% accuracy.

In another study, Alqudah et al. [23] applied a CNN architecture
to the AOCTNet system, achieving accuracy and recall rates of
98.70% and 97.10%, respectively. However, the research's
weakness is the extended time required for PCG signal testing due
to the image data generation method.

Karhade et al. [19] took a unique approach by converting PCG
signals into images using the Frequency-Domain Polynomial
Chirplet turn (FDPCT) and STFT methods. The CNN algorithm
yielded a classification accuracy of 99.48%. However, during
Leave-one-out  cross-validation  (LOOCV)  with  CNN
classification, overfitting occurred with an accuracy of 100%.

Singh et al. [24] utilized the CNN algorithm with the CWT
method and Butterworth filter to denoise PCG signals, achieving
an accuracy of 87.96%. The potential for improvement lies in
combining feature extraction methods and exploring additional
deep learning techniques for more precise pattern identification.
Arslan et al. [25] employed the Hilbert-Huang transform (HHT)
for feature extraction, comparing machine learning techniques
(SVM, KNN) with deep learning techniques (DNN, MLP). DNN
achieved an accuracy level of 98.00%, but the drawback is the
longer training time associated with the HHT method.
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METHODS

The methods section will contain a detailed and logical
explanation of the process and sequence of method steps. The
dataset was divided into training and testing datasets with a ratio
of 90:10. The training dataset was used for five k-fold cross-
validation. This method increases the robustness and reliability of
the training process. To enhance VHD detection, 100 CNN
models were developed using a combination of Daubechies (DB)
wavelet basis function and decomposition level (DL) with default
parameters. The performance of each model is evaluated using
the training dataset as input to the K-fold cross-validation
process. This research uses the K-fold cross-validation method to
find the best fold on the training dataset. In addition, two
experimental scenarios were performed on the CNN
classification algorithm: one using default parameters and the
other hyperparameter tuning. This approach aims to optimize the
algorithm's performance and improve the accuracy of VHD
detection on the dataset. The CNN model that performed best on
the training data was selected to predict the testing dataset.

VHD PCG Dataset
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Figure 1. Research workflow
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As shown in Figure 1, the selected features method in this
research is performed by taking the best Daubechies wavelet
function and level decomposition. These results are then
evaluated using accuracy, precision, sensitivity, specificity, and
F1-score metrics.

Dataset

Yaseen et al. dataset was utilized throughout the training phase
[6]. Table 1 shows that the collection contains 1000 heart sound
samples, with 200 samples per type divided into five categories.
In Figure 2, the signal of the sample data for each VHD category
is shown; there are five different types of valve prolapse: Mitral
Valve Prolapse (MVP), Aortic Stenosis (AS), Mitral
Regurgitation (MR), Mitral Stenosis (MS), and Normal (N).
Figures 5, 6, and 7 demonstrate that the spectrogram and the
dataset reveal different patterns for each data sample. This
highlights the unique characteristics of each entity's frequency
spectrum and provides a deeper understanding of the data set.

Table 1. Details of dataset

Binary Label Multiclass Label Number
of Record
Normal Normal (N) 200
Aortic Stenosis (AS) 200
Abnormal Mitral Regurgitation (MR) 200
Mitral Valve Prolapse (MVP) 200
Mitral Stenosis (MS) 200
Total 1000
|
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Figure 2. Sample of dataset Yaseen et al.; (a) Mitral Stenosis;
(b) Mitral Regurgitation; (c) Aortic Stenosis; (d) Mitral Valve
Prolapse; (e) Normal
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Preprocessing

At this phase, the dataset heart sound data is processed before
being given to the model. For instance, noise is removed using
DWT, and heart sounds with irregular amplitudes are equalized
in amplitude without impacting their quality.
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Figure 3. DWT Denoising. (a) Before denoising;
(b) After denoising

Figure 3 shows that denoising reduces the noise in the PCG signal
and normalizes the signal within the range of -1.0 to 1.0. The
signal remains unaltered, mainly indicating that a significant
decrease in amplitude does not affect the signal attributes.
Maintaining a stable amplitude facilitates signal classification
and recognition, thereby increasing pattern recognition accuracy.

Feature Extraction

DWT decomposition Level can break an audio stream into
smaller bands [11]. In heart sound analysis, selecting the
appropriate DWT level and figuring out the breakdown at the
optimal level are crucial [26], [27].

oo 1 t-b
Wiab) = 7 fO ¢+ (<2 ae @)
Equation 1 shows the basis function of the wavelet used in DWT.
Where (t) is generated from a single mother wavelet by dilation
and translation [26].
In this study, feature extraction 1 is detailed in Figure 4. Figure 4

shows that the chosen feature was DWT's approximation
coefficient (cA), fed into MFCC, CQT, and STFT.
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Figure 4 Feature Extraction 1 Flow
Mel-frequency cepstral coefficients (MFCC) frequently extract
audio data into several parameters. The audio stream is first
divided into many frames by MFCC, after which the amplitude
spectrum is obtained using the logarithmic operation and the
Discrete Fourier Transform (DFT). After doing some mel-scaling
and filter bank changes, the MFCC is derived by applying a
discrete cosine transform to the earlier findings [28]. Figure 5
shows the result of the MFCC spectrogram.
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Figure 5. Spectrogram MFCC; (a) Mitral Regurgitation; (b)
Aortic Stenosis; (c) Mitral Stenosis; (d) Mitral Valve Prolapse;
(e) Normal

c[n] = ¥M=§ S[m]cos (% (m - %)) ,n=012,.,M (2)

Equation 2 shows that the spectrum’s discrete cosine transform
(DCT) is calculated to obtain the MFCC. Where M is the number
of filter banks in total, the remaining coefficients are utilized for
training and testing, with the first being eliminated. [28]

Constant-Q transform (CQT) signal processing converts a
collection of information into a frequency range. Particular
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distinctions between the CQT and the Fourier transform include
a fixed bandwidth filter and a logarithmic frequency scale. A
practical approach can be used to compute the CQT, which is
similar to a wavelet transform but has a higher frequency
resolution [29]. Figure 6 shows the result of the CQT
spectrogram.

Note

Note

Note

Note

Note

Figure 6. Spectrogram CQT; (a) Mitral Regurgitation; (b) Aortic
Stenosis; (¢) Mitral Stenosis; (d) Mitral Valve Prolapse; (e)
Normal.

X (fe,n) = TR x(DagG—n+Ne/2)  (3)

Equation 3 shows the CQT formula. Where k is equal to 1, 2,...
The CQT frequency bin is indicated by K, rounding to negative
infinity is indicated by |- ], and the complex conjugate of ak (n) is
indicated by a * k (n). A complex waveform is the foundation for
the function ak (n) [29]

Short-term Fourier transformation (STFT) The twelve pitch
classes used in audio studies are described by STFT in terms of
intensity, which allows for distinguishing pitch class profiles of
audio signals from one another. The pitch class profiles of audio
signals can be distinguished using it [30]. Figure 7 shows the
result of the SFFT spectrogram.
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Figure 7. Spectrogram SFFT; (a) Mitral Regurgitation; (b)
Aortic Stenosis; (c) Mitral Stenosis; (d) Mitral Valve Prolapse;
(e) Normal.

Xsrprlk,n] = INZE x[m + nHlw[m]WE™,0 <k < N -
L1<SHS<N @)

Equation 4 shows the STFT formula. The window length is N, the
time frame index is n, the frequency index is k, the input signal is
x[m], and the window function is w[m]. In this case, the skip
length is H, while the overlap length between consecutive frames
is N — H. Moreover, (N — H)/N represents the overlap ratio
between successive frames. The window function w[m]
multiplies the signal x[m] at a specified time nH [31].

CNN Classifier

In this research, the classification algorithm used to train the
model from the DWT, CQT, SFFT, and MFCC datasets is CNN.
Table 2 details the CNN architecture used in this study. The
tuning architecture uses the L2 regularizer in the fine-tuning
model, distinguishing it from the non-tuning model. Softmax is
used in the output layer of this study as it offers probability
calculations for each class.

Table 2. CNN architecture layer

Layer Activation Regularizers
Function

ConvlD(64) RelLU -
MaxPooling1D - -
Conv1D(32) ReLU -
Flatten - -

Dense(64) ReLU L2 (Fine Tuning)
Dense(5) softmax -
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Fine-Tuning

In this study, an automated method using GridSearchCV is
required for parameter refinement and to improve the overall
efficiency of model construction. Table 3 shows the
hyperparameter configuration used in this study. The batch sizes
are quite different between fine-tuning and nonfine tuning;
nonfine tuning uses 64 batch sizes, and fine-tuning uses 16. The
SFD-CNN fine-tuning model utilizes a smaller batch size
compared to the non-tuning model. This is because a smaller
batch size enhances the model's ability to adapt to variable data.

Table 3. Parameter used for model training

Parameter Value
Epoch 50
Batch Size (Non Tuning) 64
Batch Size (Fine Tuning) 16
Optimizer Adam
Activation Function Softmax
Learning Rate 0.0001

Selected Features

The selected features are crucial for our research. To determine
the optimal combination and level, follow these steps: First,
calculate the average accuracy of the Daubechies wavelets and
select the one with the highest average. Second, level
decomposition is performed by choosing the Daubechies wavelet
with the highest accuracy.

Metrics Evaluation

In this research, five metrics, accuracy, precision, sensitivity,
specificity, and F1-score, are used to evaluate the performance of
the proposed SFD-CNN. Equations 4 to 9 are the details of the
metrics.

B TP + TN (5)
Aceuracy = Tp T FP+ FN + TN
recision = L ®)
p “TP+FP
L TN (7)
specificity = TN+ FP
sensitivity = L ®)
Y=TP+FN
precision X sensitivity 9)

flscore =2 x

sensitivity + precision

Where TP and TN represent the total of correctly classified
samples up to N, divided into VHD (True Positive) and non-VHD
(True Negative). where N sample beats represent the sum of the
non-VHD (False Negative) and VHD (False Positive)
misclassifications [21], [32].

RESULTS AND DISCUSSION

This section describes the results and discusses the performance
of the SFD-CNN model. Figure 8 shows that the amplitude
increases at levels 1-5, but the decomposition of the PCG signal
is not distorted. At levels 6-10, the PCG signal becomes more
spartan, but the signal undergoes significant structural changes
from the original signal. Since the PCG signal decomposition
becomes similar to all signals at levels 8-10, the accuracy at levels
8-10 is relatively poor.
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Figure 8. Sample of DWT decomposition Level; (a) Level 1; (b)
Level 2; (c) Level 3; (d) Level 4; (e) Level 5; (f) Level 6; (g)
Level 7; (h) Level 8; (i) Level 9; (j) Level 10

SFD-CNN Non-Tuning

This section details the training and testing process using a
combination of DB1 and DL1. The fine-tuning SFD-CNN model
employs the architecture outlined in Table 2, with the parameters
specified in Table 3. Tables 4-8 show the output evaluations of
the SFD-CNN non-tuning training results.

The three highest accuracies are DB1&DL1 (98%), DB1&DL2

(98%), and DB1&DL3 (98%). Tests were conducted to compare
the evaluations of the three combinations.
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Table 4. DWT Decomposition level model SFD-CNN Non-
Tuning Accuracy (%)

Table 6. Performance rate for each class SFD-CNN Non-Tuning
DB1&DL1 (%)

lev DB DB DB DB DB DB DB DB DB DB Fold Metrics
el 1 2 8 4 5 6 ! 8 9 10 Accuracy  Precision Recall Specificity F1-
1 98 93 75 54 52 51 44 53 51 61 Score
2 98 94 84 85 65 55 53 46 48 43 1 AS 96.66 89.47 94.44 97.22 91.89
3 98 93 96 94 82 86 78 73 72 80 MR 95.55 91.17 86.11 97.91 88.57
4 8 87 82 82 8 81 75 84 76 89 MS 93.33 71.27 94.44 93.05 85.00
5 8 8 81 81 8 8 84 81 84 88 MvP.or2z 100 - 8611 100 -~ 92.53
6 8 84 83 82 8 84 82 8 83 86 N 9722 969 88 9930 9275
2 AS 99.44 100 100 100 98.63
7 81 81 8 84 8 8 8 8 76 79 MR 97.22 97.29 94.44 99.30 93.15
8 75 73 64 55 56 57 47 42 54 44 MS 08.88 91.89 100 97.91 97.29
9 62 56 41 57 44 47 33 38 22 30 MVP 9777 9473 88.88 9861  94.11
10 41 21 22 25 23 32 38 3 36 29 N 100 100 100 100 100
3 AS 97.77 94.44 100 100 94.44
Table 5 shows the average of each fold. It is evident that the MR 9.11 93.93 94.44 98.61 89.85
DB1&DL1 combination is very slightly different from MS 9722 89.74 86.11 9r.22 9333
DB1&DL2, but the DB1&DL1 combination is still superior to the MvP 9888 9722 9722 9930 9122
other combinations. N 100 100 100 100 100
4 AS 97.22 91.89 94.44 100 93.15
. MR 93.88 87.87 80.55 97.91 84.05
Table 5. Average each fold results of SFD-CNN Non-Tunlng MS 94.44 80.95 94.44 97.22 87.17
(%) MVP 9611  96.77 83.33 9444 8955
Model Metric N 99.44 97.29 100 99.30 98.63
S 5 AS 99.44 97.29 94.59 99.30 98.63
Accura  Precisi Recall Specifi F1- MR 97.22 87.80 100 96.52 93.50
cy on city Score MS 98.88 97.22 97.22 99.30 97.22
SFD-CNN  97.37 93.82 9344 9835 9343 MVP  96.11 100 80.55 100 89.23
NT N 98.33 94.59 97.22 98.61 95.89
DB1&DL1
SED-CNN _ 97.37 93.35 93.44 08.35 93.42 Table 7. Performance rate for each class SFD-CNN Non-Tuning
NT DB1&DL2 (%)
DB1&DL2 Fold Metrics
SFD-CNN 96.21 90.96 90.52 97.63 90.39 Accuracy  Precision Recall Specificity F1-
Score
NT 1 AS 97.77 94.44 94.44 98.61 94.44
DB1&DL3 MR 9666 9411 8888 9861  91.42
MS 94.44 78.26 100 93.05 87.80
This outcome is noteworthy as it reflects the consistency and high MVP 96.66 96.87 86.11 99.30 91.17
performance of the model during testing on that particular fold. N 97.77 100 88.88 100 94.11
The effectiveness of this combination indicates its potential 2 AS 98.88 9722 9722 99.30 97.22
importance in addressing challenges and variations within the MR 99.44 100 9722 100 98.59
dataset. MS 97.77 9000 100 97.22 94.73
MVP 97.77 9705 9166 99.30 94.28
N 99.44 100 9722 100 98.59
Tables 6-8 sh_ow the pe_rformance raFes for each class of SFD- 3 AS 96.66 89.47 9722 9722 91.89
CNN non-tuning with different combinations. Table 6 shows the MR 93.88 85.71 96.52 96.52 84.50
combination of DB1&DL1, using Fold 2, due to its impressive MS 95.55 88.88 97.22 97.22 88.88
average accuracy of 98.66%. Table 7 shows that the combination MVP 97.22 94.28 98.61 98.61 92.95
of DB1&DL2 also achieves a remarkable accuracy of 98.66% in N 100 100 100 100 100
fold 2, consistent with the result obtained with DB1&DL1. 4 AS 96.11 89.18 91.66 97.22 90.41
However, there are differences when examining the class-specific MR 9444 90.62 80.55 9791 8529
accuracies in Fold 2. Meanwhile, Table 8 shows that the MM\;SP gg'gg gg';é 81303?3 gjgi 22'32
combination of DB1&DL3 achieves an accuracy of 96.08 in fold N 100 100 100 100 100
2. 5 AS 97.77 92.10 97.22 97.91 94.59
MR 100 100 100 100 100
Although DB1&DL1 performs well in training accuracy across MS 98.88 94.73 100 98.61 97.29
the k-fold, it is essential to understand the subtle differences MVP 96.66 100 83.33 100 90.90
N 98.88 94.73 100 98.61 97.29

between combinations and folds for optimal use in real-world
scenarios.
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Table 8. Performance rate for each class SFD-CNN Non-Tuning
DB1&DL3 (%)

Fold Metrics
Accuracy  Precision Recall Specificity F1-
Score
1 AS 97.22 94.28 91.66 88.88 92.95
MR 96.66 94.11 88.88 98.61 91.42
MS 93.33 78.57 91.66 93.75 84.61
MVP 94.44 90.62 80.55 97.91 85.29
N 95.00 86.48 88.88 96.52 87.67
2 AS 87.67 97.22 97.22 99.30 97.22
MR 98.88 92.30 100 97.91 96.00
MS 98.33 94.59 97.22 98.61 95.89
MVP 97.22 100 86.11 100 92.53
N 98.33 94.59 97.22 98.61 95.89
3 AS 96.66 91.66 91.66 99.30 91.66
MR 95.55 88.88 88.88 97.91 88.88
MS 96.11 89.18 91.66 97.22 90.41
MVP 96.66 96.87 86.11 99.30 91.17
N 98.33 92.30 100 97.91 96.00
4 AS 95.55 85.00 94.44 97.91 89.47
MR 92.77 84.84 77.77 95.83 81.15
MS 95.00 84.61 91.66 96.52 88.00
MVP 92.77 89.65 72.22 95.83 80.00
N 98.33 92.30 100 97.91 96.00
5 AS 97.22 91.89 94.44 97.91 93.15
MR 96.11 83.72 100 95.13 91.13
MS 98.33 97.14 94.44 99.30 95.77
MVP 92.77 100 63.88 100 77.96
N 95.55 83.33 97.22 95.13 89.74

The loss graph in Figure 9 shows a sharp decline from epoch 0 to
5, followed by a gradual decrease to below 0.25% at epoch 10,
indicating model stability with no signs of overfitting.
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Figure 9. Training and validation SFD-CNN Non-Tuning
DB1&DL1 (Fold 2); (a) Accuracy; (b) Loss

Figure 10, which represents the DB1&DL2 combination, closely
resembles Figure 9. However, Figure 11, which depicts the
DB1&DL3 combination, shows a less stable trend than Figures 9

and 10, although there are no indications of overfitting.
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Figure 10. Training and validation SFD-CNN Non-Tuning
DB1&DL2 (Fold 2); (a) Accuracy; (b) Loss
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Figure 11. Training and validation SFD-CNN Non-Tuning
DB1&DL3 (Fold 2); (a) Accuracy; (b) Loss

Table 9 shows the performance evaluation results of the SFD-
CNN non-tuning model on the third-highest decomposition level
combination during the testing phase. The highest test result
obtained is DB1&DL1, which is 94.80%. Then, the DB1&DL1
combination result is selected for SFD-CNN non-tuning.

Table 9. SFD-CNN Non-Tuning Testing Result (%)

Model Metrics
Accu  Precisi Recall Specifi F1-
racy on city Score
SFD-CNN 96.4 91.38 91.00 97.74 90.91
NT 0
DB1&DL1
SFD-CNN 96.4 91.66 90.99 97.75 90.86
NT 0
DB1&DL3
SFD-CNN 92.8 86.13 82.00 95.50 81.82
NT 0
DB1&DL2
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Figures 12-14 show the confusion matrix of the SFD-CNN non-
tuning model on the third-highest decomposition level
combination.
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Figure 12. Confusion Matrix SFD-CNN Non-Tuning
DB1&DL1 Testing (Fold 2)
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Figure 13. Confusion Matrix SFD-CNN Non-Tuning
DB1&DL2 Testing (Fold 2)

35
30
25

20

True label

15

10

AS MR MS MyP N
Predicted label

Figure 14. Confusion Matrix SFD-CNN Non-Tuning
DB1&DL3 Testing (Fold 2)
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SFD-CNN Fine-Tuning

This section details the training and testing process using a
combination of DB1 and DL1. The fine-tuning SFD-CNN model
employs the architecture outlined in Table 2, with the parameters
specified in Table 3. Tables 10-15 below show the output
evaluations of the SFD-CNN fine-tuning training results.

Table 10. DWT Decomposition level model SFD-CNN Fine-
Tuning Accuracy (%)

Lew DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

@

1 99 93 73 63 65 61 53 51 58 58
2 99 91 91 8 76 63 65 42 55 46
3 99 87 93 92 83 83 81 8 82 79
4 92 88 83 89 83 8 89 90 83 84
5 90 8 94 8 90 83 81 82 87 89
6 88 83 91 8 8 87 8 87 83 88
7 8 76 8 9 8 91 8 8 84 89
8 83 72 65 67 59 51 49 52 48 50
9 74 67 45 49 42 49 43 48 41 39
10 58 43 35 32 36 38 32 34 38 31

Table 11 shows the average of each fold. It is evident that the
combination of all three has comparable accuracy, but the
DB1&DL1 combination proves to be superior in the SFD-CNN
fine-tuning model.

Table 11. Average each fold results of SFD-CNN Fine-Tuning

(%)
Model Metric
s
Accura  Precisi Recall Specifi F1-
cy on city Score
SFD-CNN  98.70 96.91 96.77 99.18 96.76
FT
DB1&DL1
SFD-CNN  98.53 96.54 96.32 99.08 96.30
FT
DB1&DL2
SFD-CNN  98.44 96.19 96.10 99.02 96.08
FT
DB1&DL3

Tables 12-14 present the classification rates for individual classes
of the SFD-CNN fine-tuning model with the top three accuracy
combinations. Specifically, Table 12 shows the results for the
DB1&DL1 combination using fold 2, which has the highest
accuracy among the folds at 99.44%. Similarly, Tables 13 and 14
present the results of the fine-tuning process using fold 2,
highlighting its consistently high accuracy, recorded at 98.98%
and 96.92%, respectively.

These findings demonstrate the effectiveness of fold 2 to achieve

superior classification accuracy in the SFD-CNN fine-tuning
procedure.
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Table 12. Performance rate for each class SFD-CNN Fine-Tuning Table 14. Performance rate for each class SFD-CNN Fine-Tuning
DB1&DL1 (%) _ DB1&DL3 (%)

Fold Metrics Fold Metrics

Accuracy  Precision Recall Specificity F1- Accuracy  Precision Recall Specificity F1-

Score Score

1 As 97.22 91.89 100 100 93.15 1 AS 98.33 94.59 97.14 9444 9589

MR 9777 94.44 94.44 97.91 94.44 MR 9611 85.36 97.22 98.61 90.90

MS  99.44 97.29 100 98.61 9863 MS 9555 91.17 86.11 9583 8857

MVP  97.77 97.05 91.66 99.30 94.28 MVP  97.22 96.96 88.88 97.91 92.75

N 100 100 100 100 100 N 98.33 97.14 94.44 99.30 95.77

2 AS 98.88 100 100 100 98.63 2 AS 92.75 94.59 97.22 98.61 95.89

MR 100 97.29 97.22 99.30 98.59 MR 9577 97.29 100 99.30 98.63

MS 99.44 100 100 100 97.29 MS 98.33 100 97.22 100 98.59

MVP  98.88 94.73 94.44 98.61 97.14 MVP  99.44 97.14 94.44 99.30 95.77

N 100 100 100 100 100 N 98.33 100 100 100 100

3 AS 98.33 97.14 92.10 99.30 95.77 3 AS 9577 9444 94.42 100 94.42

MR 9777 94.44 100 98.61 94.44 MR 100 94.59 97.22 98.61 95.89

MS  98.33 97.14 94.44 99.30 95.77 MS 9777 97.14 94.44 99.30 95.77

MVP 97.77 92.10 97.22 97.91 94.59 MVP 08.33 100 97.22 100 98.59

N 100 100 100 100 100 N 99.44 97.29 100 99.30 98.63

4 AS 99.44 98.33 97.22 100 98.59 7 AS 9942 97.29 100 100 98.63

MR 97.77 100 88.88 100 94.11 MR  96.11 91.42 88.88 99.30 90.14

MS  98.88 94.73 100 98.61 97.29 MS  99.44 97.29 100 97.91 08.63

MVP  98.33 92.30 100 97.91 96.00 MVP  97.22 96.96 88.88 99.30 92.75

N 100 100 100 100 100 N 98.88 94.73 100 98.61 97.29

5 AS 97.22 87.80 100 96.52 93.50 5 AS 98.33 97.77 100 97.01 96.00

MR 100 100 100 100 100 MR  99.44 100 100 99.30  98.63

MS 99.44 100 97.22 100 98.59 MS 100 92.30 100 100 100

MVP  96.66 100 83.33 100 90.90 MVP  97.77 97.29 88.88 100 94.11

N 98.88 94.73 100 98.61 97.29 N 100 100 100 100 100

Figures 15-17 show the performance of the SFD-CNN fine-
tuning model on the training accuracy and validation loss graphs.
In all three combinations, there is a significant improvement in

Table 13. Performance rate for each class SFD-CNN Fine-Tuning
DB1&DL2 (%)

Fold _ Metrics _ the training data at epoch 5, which reaches the 80% to 90% range.
Accuracy - Precision  Recall - Specificity s';l’;e The increase continues slowly, and by the end of epoch 40 to 50,
1 AS 9777 90.00 100 9722 9473 shows very little growth. On the loss graph, all three
MR 9555 88.88 88.88 97.22 88.88 combinations exhibit a decrease in loss at epoch 5. By epoch 50,
MS 98.33 97.14 94.44 99.30 95.77 the loss value has dropped below 0.25%, indicating that all three
MVP 97.22 94.28 91.66 98.61 92.95 combinations have stable models.
N 98.88 100 94.44 100 97.14
2 AS 97.14 97.29 100 99.30 98.63 10 JE———
MR 99.44 100 94.44 100 97.14 08 N
MS 98.88 94.73 100 98.61 97.29 o8 /‘/
MVP 99.44 100 97.22 100 98.59 7
N 100 100 100 100 100 g
3 AS 98.88 97.22 97.22 99.30 97.22 06
MR 96.11 100 80.55 100 89.23 05  raning Accuracy
MS 96.66 87.50 97.22 96.52 92.10 04 Validation Accuracy
MVP 98.88 94.73 100 98.61 97.29 ) 10 20 30 40 50
N 99.44 97.29 100 99.30 98.63
4 AS 9944 9729 100 9930  98.63 2001 @
MR 97.22 100 86.11 100 92.53 Los | T gannatess
MS 97.22 90.00 100 97.22 94.73 s
MVP 99.44 100 972.2 100 98.59 N
N 99.44  97.29 100 99.30  98.63 g
5 AS 97.77 90.00 100 9722 9473 3
MR 100 100 100 100 100 5 o7
MS 100 100 100 100 100 0507 —_
MVP  97.77 100 88.88 100 94.11 0251 T
N 100 100 100 100 100 000 — - . . - p
Epoch
(b)

Figure 15. Training and validation SFD-CNN Fine-Tuning
DB1&DL1 (Fold 2); (a) Accuracy; (b) Loss
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Figure 16. Training and validation SFD-CNN Fine-Tuning
DB1&DL2 (Fold 2); (a) Accuracy; (b) Loss

Table 15. SFD-CNN Fine-Tuning Testing Results (%)

Model Metrics
Accura  Precisi Recall  Specifi F1-
cy on city Score
SFD-CNN  96.80 93.25 91.99 98.00 92.09
FT
DB1&DL1
SFD-CNN 96.00 90.46 90.00 97.50 89.86
FT
DB1&DL2
SFD-CNN 95.20 90.33 88.00 97.00 88.31
FT
DB1&DL3
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Figure 17. Training and validation SFD-CNN Fine-Tuning
DB1&DL3 (Fold 2); (a) Accuracy; (b) Loss

Table 15 shows the results for the third highest decomposition
level combination during the test phase in the performance
evaluation of the SFD-CNN fine-tuning model.

The DB1&DL1 combination exhibits the highest performance,
with a test result of 96.80%. Additionally, the DB1&DL2
combination performs similarly to the DN1&DL1 combination,
with only a 0.80% difference.

The combination of DB1&DL3 achieved the lowest result at
95.20%, which was only 1% lower than the other combinations.
As a result of its proven proficiency and robustness, this
combination was selected for further refinement in the SFD-CNN
fine-tuning process.

30

Figures 18-20 show the confusion matrix of the SFD-CNN fine-
tuning model on the third-highest decomposition level
combination.

The best prediction is shown in Figure 18, namely the DB1&DL1
combination, while the DB1&DL2 combination has a prediction
similar to DB1&DL1 but with a few incorrect predictions. The
lowest prediction is in the DB1&DL3 combination, which is
inferior to the other combinations.

True label

AS MR Ms MVP N
Predicted label

Figure 18. Confusion Matrix SFD-CNN Fine-Tuning
DB1&DL1 Testing (Fold 2)

True label

AS MR MS MVP N
Predicted label

Figure 19. Confusion Matrix SFD-CNN Fine-Tuning
DB1&DL2 Testing (Fold 2)
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True label
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Predicted label

Figure 20. Confusion Matrix SFD-CNN Fine-Tuning
DB1&DL3 Testing (Fold 2)

Comparison with SFD-CNN Non-Tuning and Fine-
Tuning Model

Table 16 shows the comparison results between the SFD-CNN
Non-Tuning and Fine-Tuning tests. In this table, it can be seen
that the SFD-CNN Fine-Tuning achieves high scores and
outperforms the SFD-CNN Non-Tuning. Therefore, based on the
evaluated criteria, the SFD-CNN Fine-Tuning model can be used
as a reference for the best model.

Table 16. Comparison SFD-CNN Non-Tuning and Fine-Tuning
testing result (%)

Model Metrics
Accura | Precisi Recall | Specifi F1-

cy on city Score

SFD-CNN | 96.80 93.25 91.99 98.00 92.09
FT

SFD-CNN 96.40 91.38 91.00 97.74 90.91
NT

Discussion

This subsection discusses the results obtained with our proposed
model. In this research, the SFD-CNN fine-tuning model utilized
fold two because it has the highest average accuracy compared to
other folds, achieving 96.80%. Similarly, the SFD-CNN non-
tuning model utilized Fold 2 with the highest average of 96.40%

This study has limitations, including comparing our proposed
model with classical machine learning models and the limitations
of the dataset used. Furthermore, there is no direct application
implementation or a simple prototype that can provide a better
understanding of the practical applicability of the proposed model
in a real-world environment.

Table 6 shows the results of 100% accuracy on specific classes,
where Nti et al. [33] explained that the use of k-fold with small
data can increase the complexity of training, which causes the
relevance of the features used to predict the class and the model
can quickly learn the relationship between features and class
labels.

https://doi.org/10.25077/jnte.v13n1.1184.2024

Tables 4 and 10 show the accuracy of SFD-CNN fine-tuning and
non-tuning prediction for all Daubechies (DB) combinations and
decomposition levels (DL). For the selected features DB1 and
DL1, we selected DB1 because it has the highest average
accuracy and the selected DL1. After all, it has the highest
accuracy. Accuracy combined DL1 tends to be higher because the
signal data is still like the original; Chowdhury et al. [34] explain
that at each level of decomposition, the signal will be divided into
low and high-frequency bands, and the time resolution will be
half. This is what makes DL2 and DL3 signals have low accuracy
results.

To prove that the increasing level of decomposition affects the
accuracy degradation, in Table 12, we compare the three best
combinations of DB and DL from each non-tuning and fine-
tuning model. However, DL2 and DL3 have lower accuracy than
DL1.

In Table 10, the result of SFD-CNN fine-tuning DB1&DL1 and
DB1&DL2 is the same, but the accuracy result in Table 16 is
different because in DL2, the signal has been decomposed, but
not so much; therefore, the accuracy difference is only 0.20%.

The best-selected feature results are DB1&DL1 SFD-CNN non-
tuning and DB1&DL 1 SFD-CNN fine-tuning. Table 16 compares
the testing results of the two proposed models. SDF-CNN fine-
tuning achieved the highest accuracy at 96.80%. SDF-CNN fine-
tuning uses different parameters than non-tuning, including
differentiation of batch size. According to Yu et al. [27], tuning
the batch size determines the convergence speed on accuracy
improvement.

Comparison with State-of-the-art Related Work

Table 17. Compare existing model approaches

Author Model Method Accu F1-

racy Score

Khade et al. [8] KNN MFCC, ZCR, 90.47 77.33
Peak
amplitude

Khadeetal. [8] AdaBo MFCC, ZCR, 92.85 84.55
ost Peak
amplitude

Ghosh et al. RF Time- 93.91 -
[12] frequency
features

Khade et al. [8] SVM MFCC, ZCR, 94.07 85.16
Peak
amplitude

Tuncer et al. DT PCG-TEP, 95.10 95.14
[13] INCA

Proposed SFD- Selected 96.80 92.09
Research CNN DWT,
Fine- MFCC,

Tuning CQT, STFT

Table 17 in this subsection compares our proposed SFD-CNN
model with the state-of-the-art models proposed by other
researchers. Our research shows that our model evaluation is
superior to theirs. In this comparison, the model presented in
Table 17 uses the same dataset as our proposed model. Our model
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outperforms other researchers' classic machine learning models
and EL algorithms.

According to Taye M. [35], CNN models are considered superior
due to their greater complexity compared to classic machine
learning. Additionally, CNN models are superior due to their
greater complexity than classic machine learning. Additionally,
CNN models can self-correct, while classical machine learning
still requires human intervention to correct its mistakes.
Therefore, our proposed model contributes significantly not only
to this research but also to related industries. The results of this
study offer valuable insights to the research community and open
up opportunities for further development in this area.

CONCLUSIONS

This study proposes an SFD-CNN model for identifying Valve
Heart Disease (VHD) types using PCG signals, including AS,
MR, MVP, MR, and N cases. The SFD-CNN model fine-tuning
at fold 2 showed the highest accuracy for VHD detection,
resulting in an accuracy of 96.80%, precision of 93.25%,
sensitivity of 91.99%, specificity of 98.00%, and F1-score of
92.09%. Our model outperformed the classic machine learning
model and EL algorithm. As a suggestion for future research,
consider using alternative datasets or incorporating data
augmentation from similar sources. This can enhance the
diversity of training data, optimize model performance, and
expand its application to patients in a medical setting.
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APPENDICES

1. DWT Decomposition level model SFD-CNN Non-Tuning
Precision (%)

Lev DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

o8

1 9 84 79 52 50 54 48 50 55 51
2 95 92 89 83 66 58 53 47 48 43
3 9% 9% 91 93 87 8 80 76 78 80
4 8 91 89 89 8 87 87 87 8 89
5 8 8 89 8 87 87 8 87 87 88
6 83 8 87 87 84 87 83 84 86 86
7 81 82 8 87 81 8 80 83 81 79
8 72 70 66 58 58 79 46 44 58 44
9 61 55 47 44 34 44 38 32 34 30
10 44 26 26 32 33 32 31 27 32 36

2. DWT Decomposition level model SFD-CNN Non-Tuning
Sensitivity (%)

lew DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

@

1 9 84 79 52 50 54 48 50 55 51
2 95 92 89 83 66 58 53 47 48 43
3 9% 9% 91 93 89 8 80 76 78 80
4 8 91 89 89 87 8 87 88 89 89
5 83 8 89 8 87 87 8 8 86 88
6 81 8 87 87 84 8 87 87 8 86
7 77 82 8 87 8l 83 8 80 83 79
8 71 70 66 58 58 43 46 46 44 44
9 66 55 47 44 34 37 35 38 32 30
10 52 26 26 32 33 32 31 27 37 41

3. DWT Decomposition level model SFD-CNN Non-Tuning

Specificity (%)
lew DB DB DB DB DB DB DB DB DB DB
el 1 2 3 4 5 6 7 8 9 10

1 99 84 79 52 50 54 48 50 55 b51

34

2 98 92 89 83 66 58 53 47 48 43
3 98 9% 91 93 83 66 58 53 78 80
4 84 91 84 89 87 84 8 80 87 86
5 79 8 8 89 84 82 87 71 82 84
6 78 8 71 8 78 8 8 74 83 82
7 81 8 8 87 74 83 8 70 78 79
8 72 68 66 87 51 63 52 46 44 44
9 61 51 49 44 47 37 3% 38 32 30
10 35 32 23 42 43 22 41 27 20 25

4. DWT Decomposition level model SFD-CNN Non-Tuning F1-

Score (%)
Lev DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

LR

1 9 82 75 61 65 54 52 63 53 52
2 95 91 82 85 66 58 53 47 48 42
3 94 92 89 93 89 8 8 76 78 72
4 8 81 8 8 87 8 73 79 80 89
5 83 8 81 8 87 87 8 8 86 88
6 83 8 8 84 84 8 87 87 86 86
7 81 8 79 72 81 8 8 8 83 71
8 72 69 62 53 58 43 46 46 44 44
9 61 56 39 45 34 37 35 38 32 30
10 44 38 21 29 43 22 21 27 30 29

5. DWT Decomposition level model SFD-CNN Fine-Tuning
Precision(%)

Lev DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

@

1 98 94 78 61 68 52 66 49 53 54
2 98 90 91 8 77 62 68 49 60 48
3 97 83 94 94 91 89 83 84 82 80
4 92 87 89 90 83 93 91 92 88 90
5 8 89 90 89 93 88 92 89 91 91
6 93 84 92 92 89 94 92 93 91 90
7 8 72 8 91 89 87 83 8 87 81
8 8 74 73 71 67 62 56 53 48 52
9 71 62 66 64 52 43 31 42 35 31
10 5 39 33 36 37 31 32 28 26 21

6. DWT Decomposition level model SFD-CNN Fine-Tuning
Sensitivity (%)

Lev DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

@

1 98 92 73 66 62 54 56 44 52 52
2 98 8 89 8 75 61 68 42 59 42
3 97 8 88 97 89 90 83 8 82 76
4 94 83 82 92 82 91 91 87 81 88
5 91 8 8 91 91 83 92 82 88 90
6 90 85 91 95 86 91 92 87 87 89
7 8 71 8 92 83 83 89 82 82 86
8 81 72 74 78 61 66 49 51 45 52
9 65 59 67 63 49 49 33 39 32 44
10 45 34 32 37 32 38 29 30 27 32

7. DWT Decomposition level model SFD-CNN Fine-Tuning

Specificity (%)
Lev DB DB DB DB DB DB DB DB DB DB
el 1 2 3 4 5 6 7 8 9 10

1 99 91 75 67 61 55 55 43 51 53
2 98 87 90 88 74 62 67 41 57 44
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97 78 87 96 90 91 82 87 81 75
93 82 81 91 83 93 90 85 83 86
90 83 8 90 93 82 91 83 86 89
89 83 92 94 87 90 94 83 8 91
86 71 85 95 84 83 88 83 83 84
82 73 73 80 62 65 47 50 47 55
67 58 66 65 50 45 35 38 31 43
10 43 35 31 34 33 36 30 32 28 31

© 0N O 01 W

8. DWT Decomposition level model SFD-CNN Fine-Tuning
F1-score(%)

lev DB DB DB DB DB DB DB DB DB DB
1 2 3 4 5 6 7 8 9 10

LB

1 98 90 74 68 60 56 56 42 52 54
2 93 8 91 87 74 61 68 43 58 43
3 97 79 8 95 91 90 81 86 82 76
4 92 83 83 92 8 92 89 82 84 85
5 91 8 8 91 94 8 90 84 86 88
6 8 8. 90 92 88 91 92 89 87 92
7 8 73 84 94 83 8 8 82 85 83
8 83 77 72 8l 63 66 48 51 46 56
9 68 54 65 66 51 47 37 37 32 42
10 44 34 32 35 34 33 33 31 29 32
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