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Abstract: Pneumonia is a disease with a high mortality rate worldwide. Existing diagnostic methods
for pneumonia inevitably cause varying degrees of trauma to the human body and are time-consuming.
To address these drawbacks, this study attempts to use sound signals for pneumonia diagnoses,
thereby innovatively integrating acoustic features with machine learning algorithms to establish a non-
invasive pneumonia screening method. The experiment utilizes a publicly available respiratory sound
dataset containing acoustic samples from pneumonia patients and healthy individuals. By combining
Mel-frequency cepstral coefficients (MFCC) with time-domain energy features, a multidimensional
feature set is constructed, and five machine learning models, including the backpropagation neural
network (BP), the recurrent neural network (RNN), and the long short-term memory network (LSTM),
are employed for binary classification modeling, training, and evaluation. To ensure a sufficient
generalization ability, a strategy of ten repetitions of ten-fold cross-validation is introduced, and both
chaotic optimization and Bayesian optimization are used to search for the optimal hyperparameters
of the models. The results show that among the five baseline models, the LSTM performs the
best on the dataset, thereby achieving an accuracy of 91.12% on the validation set. After chaotic
optimization, the classification performance of the LSTM is significantly improved, with various
metrics enhanced to different extents: for example, the accuracy reaches 97.49% and the Fl-score
increases to 98.17%, significantly outperforming the results achieved through Bayesian optimization.
This method successfully overcomes the drawbacks of traditional pneumonia diagnosis approaches,
enables non-invasive screening for asymptomatic or early-stage pneumonia, and offers the diagnostic
advantages of high efficiency and low cost, thus providing a new solution for the clinical diagnosis
of pneumonia.
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1. Introduction

Pathogens in the air that cause pneumonia enter the lungs through the respiratory tract and infect
the lung tissue. Once the pathogens reach the lungs, the local immune system in the human body
immediately responds. Immune cells in the alveoli, such as macrophages and dendritic cells,
recognize and engulf the pathogens and release cytokines (e.g., tumor necrosis factor, interleukins),
activating the immune system to eliminate the pathogens. At the same time, this clearance process is
often accompanied by an intensification of the local inflammatory response, which allows
inflammatory mediators to enter the bloodstream and may extend the inflammatory response from a
local to a systemic level. A patient’s symptoms include fever, chills, tachycardia, and so on.

According to reports from the World Health Organization (WHO), approximately 3 million people
worldwide die from pneumonia each year, and particularly in developing countries, pneumonia is
one of the leading causes of death in children. In 2019, pneumonia caused over 3 million deaths
globally and was hailed as the “world’s biggest killer”. However, most current diagnostic methods for
pneumonia are invasive and can cause varying degrees of trauma and harm to the human body.

To date, the diagnosis of pneumonia mainly involves taking a medical history and imaging
examinations, the latter including chest computed tomography (CT), chest X-rays, blood tests, and
sputum cultures. However, it is undeniable that these methods all have certain limitations and
drawbacks. For example, both X-ray and CT examinations expose patients to radiation, which may
pose potential health hazards; sputum cultures and blood tests have relatively long turnaround times,
which may lead to delayed diagnoses and consequently affect timely treatments for the patients.

The widespread application of machine learning technologies across various fields has unlocked the
potential of many industries. In the medical field, studies utilizing machine learning techniques for the
diagnosis of major diseases have emerged in abundance, demonstrating the outstanding classification
and diagnostic capabilities of machine learning for diseases. Therefore, the in-depth development and
application of machine learning technologies can help advance diagnostic methods for major diseases.

In the past, diagnosing pneumonia required blood draws for hematological tests or imaging
examinations such as chest CT, all of which can cause varying degrees of trauma to the patient. For
this reason, we have turned to an entirely new, non-invasive diagnostic tool that is low-cost, easily
accessible, and does not affect the subject in any way during sampling: sound. It is well known that
the lungs are the organs responsible for gas exchange between the body and the external environment.
Pulmonary lesions in pneumonia patients can affect their breathing and, in turn, their voice
production. Therefore, we hypothesized that sound can reflect lung pathology, and on this basis, we
established a novel non-invasive detection method for pneumonia. Specifically, by leveraging
machine learning techniques, the probability of a person having pneumonia can be efficiently detected
using only their sound samples, thus providing a reference for subsequent clinical judgment. The
main contributions of this study are as follows:

1) Non-invasive diagnosis: diagnosing pneumonia patients using sound signals avoids traditional
procedures such as blood tests, offering a solution for non-invasive pneumonia screening.

2) Low diagnostic cost: compared with other test samples, a patient’s sound samples are easy to
obtain and incur very low costs.

3) Convenience and ease of promotion: the non-invasive diagnostic method proposed in this study is
remarkably straightforward; simply by inputting a person’s sound samples, the presence of pneumonia
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can be efficiently detected. This makes it readily deployable in areas with limited medical resources.

4) Reference value: after experimental training and model evaluation, the chaotic-optimization-
enhanced long short-term memory network (LSTM) model in this study demonstrates a considerable
diagnostic capability for pneumonia, thereby achieving an accuracy of 97.49%. Therefore, the method
holds certain reference value and can assist clinicians in the diagnosis, providing a supplementary
reference for their judgment.

This paper is divided into six sections: Section 2 reviews other studies on the use of machine
learning for diagnosing various diseases; Section 3 describes the acquisition and subsequent processing
of the model dataset as well as the methods used for model training; Section 4 introduces the models
and the approaches for evaluating model performance; Section 5 presents the results analysis and
discussion; and Section 6 summarizes this study.

2. Literature review

To date, numerous scholars have achieved remarkable results in using machine learning methods
for the prediction and diagnosis of various diseases.

Asif et al. employed an ensemble voting classifier (both hard and soft voting versions) to predict
cardiovascular disease, thereby achieving a prediction accuracy of 92% [1]. In addition, the AdaBoost
algorithm performed excellently, thereby achieving a precision of 0.938 and a specificity of 0.926.
Gomathy and Naidu combined the Naive Bayes algorithm with the K-nearest neighbors (KNN),
logistic regression, and decision tree algorithms to predict multiple diseases including diabetes,
malaria, jaundice, dengue fever, and tuberculosis, thereby successfully attaining an accuracy
of 98.95% [2]. Parthiban and Srivatsa utilized the support vector machine (SVM) and Naive Bayes
algorithms to accurately diagnose the risk of heart disease in diabetic patients, with the SVM model
achieving an accuracy of 94.60% [3]. Patel and Tejal Upadhyay led a team using decision tree
algorithms (including J48, logistic model tree, and random forest) for their research, and the
experimental results indicated that the J48 algorithm performed best in heart disease prediction, with
an accuracy of 56.76% [4]. Shahbaz et al. employed a generalized linear model for the staging and
classification diagnosis of Alzheimer’s disease, thereby obtaining an accuracy of 88.24% [5]. Nishat
et al. diagnosed chronic kidney disease using the random forest algorithm, thereby achieving a
prediction accuracy of up to 99.75% [6]. Shukur and Mijwil combined methods such as SVM,
random forest, artificial neural network, logistic regression, and KNN to analyze data from the
Cleveland Clinic dataset, ultimately finding that the SVM method performed the best with an
accuracy of 96% [7]. Pingale et al. employed machine learning methods including Naive Bayes
classifier, KNN, and decision trees to successfully predict multiple diseases such as diabetes, malaria,
jaundice, dengue fever, and tuberculosis based on the patient’s symptoms, thereby achieving an
accuracy of 94.8% [8].

3. Dataset and sound signal processing
The research methodology of this experiment includes dataset description, data preprocessing, data
splitting, oversampling, model training, and evaluation. Figure 1 illustrates the entire process from

acquiring sound signals to evaluating the model performance.
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Figure 1. Experimental flowchart.

3.1. Dataset introduction

The audio dataset used in this study is a publicly available dataset from Kaggle (Asthma Detection
Dataset Version 2) [9]. This dataset was created by processing and segmenting recordings from two
standard audio datasets, together with additional recordings from individual patients. The entire
dataset contains a total of 1211 audio samples, divided into five distinct categories representing
different lung conditions: 288 asthma samples, 104 bronchitis samples, 401 chronic obstructive
pulmonary disease (COPD) samples, 255 pneumonia samples, and 133 healthy samples. For this
study, a total of 418 samples were used, comprising the 285 pneumonia patient audio samples and 133
healthy audio samples from the dataset. The sources of the dataset are as follows:

1) Respiratory sound database: approximately 170 samples were obtained from this database,
preprocessed to remove noise, and segmented into sections of 5-6 seconds each. The original
database can be accessed at: 10.1016/j.bbe.2020.11.003.

2) International conference on biomedical and health informatics (ICBHI) dataset: this dataset
contributed 212 samples and is well known for its comprehensive collection of respiratory sounds.
These were also preprocessed and segmented. The dataset is available from the PhysioNet
ICBHI repository.

3) Additional samples from 18 patients: the remaining samples were collected from 18 individual
patients, including normal (healthy) individuals and patients diagnosed with various respiratory
diseases such as asthma, bronchitis, COPD, and pneumonia.

In addition, the dataset underwent preprocessing steps including data cleaning, amplification, and
segmentation. Data cleaning refers to the use of the WavePad software for noise reduction and
cleaning to enhance the clarity of lung sounds. Irrelevant, incomplete, or noisy entries were removed.
Amplification refers to adjusting the recording volume using WavePad’s amplification function to
ensure consistent loudness across all samples. Segmentation refers to splitting the audio files to
ensure uniform duration, thereby facilitating consistency in analysis. All audio files were standardized
to 5-6 seconds.

3.2. Sound signal processing

Figure 2 illustrates the relevant operations of audio preprocessing. According to the accompanying
description of the dataset, all audio files were subjected beforehand to data cleaning, amplification,
segmentation, and other processing, and were all standardized to 5-6 seconds. Next, we performed
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audio feature extraction on the audio files.

Before feature extraction, we first normalized the audio to eliminate amplitude differences in the
audio signal, followed by pre-emphasis filtering to enhance the high-frequency components of the
audio signal and compensate for the potential high-frequency loss in subsequent processing. The
normalization and pre-emphasis filtering formulas are as follows:

Yy
normalized = 5 3.1
y lized max(y]) (3.1
y(t) = x(t) — ax(t — 1). 3.2)

Data Cleaning Normalization

Amplification Pre-emphasis
filtering

e
extraction

Figure 2. Preprocessing flowchart.
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Figure 3. Flowchart of feature extraction.
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As shown in Figure 3, when performing feature extraction on the audio files, this study chose to use
Mel-frequency cepstral coefficients (MFCC) and several other audio time-domain features, the latter
including zero-crossing rate (ZCR), energy, energy entropy, and root mean square (RMS) energy [10].

The MFCC features are obtained by simulating the human ear’s perception of frequency to extract
the spectral characteristics of the audio signal, and then extracting the audio features of the signal
through a cepstral analysis. In this process, the entire audio is divided into several frames. For each
frame, multiple MFCC coeflicients can be extracted, typically 12 or 13. In this experiment, 13 MFCC
coeflicients were extracted per frame, and the mean and standard deviation of the k-th MFCC
coeflicient across all frames (k = 1, 2, ..., 13) were calculated, thus yielding the mean and standard
deviation of each of the 13 MFCC coefficients. Through this step, we extracted the average and
standard deviation of each coeflicient over the entire audio file. Among the time-domain features, the
ZCR represents the number of times the signal waveform crosses zero. The ZCR calculation formula

is as follows:
N-1

ZCR = ﬁ Z; I(sign(x{n]) # sign(x[n — 11)), (3.3)

where [ is an indicator function, which evaluates to 1 if its argument is true, and 0 otherwise, x[n]
denotes the n-th sample value of the signal, and N is the number of signal samples. Energy measures
the strength of the signal. Portions with a high energy typically represent louder sounds or speech
signals. The energy calculation formula is as follows:

N
Energy = % Z x[n]?. (3.4)

n=1
Energy entropy measures the complexity of the energy distribution of the signal. The energy entropy
calculation formula is as follows:

) e
H=- I , 3.5
Z[Zﬁil E; o8 SHE;

i=1

where E; represents the energy of the i-th frame, M denotes the total number of frames, and Zj”il E;
is the sum of the energies of all frames. RMS Energy is defined as the square root of the mean of the
squared signal magnitudes, and it reflects both the strength and variation of the signal. The specific

calculation formula is as follows:
1 &
_ E 2
RMS = N 3 x[n]?. (3.6)

After feature extraction, the above 26 MFCC features and 4 time-domain features were combined to
obtain a 30-dimensional feature vector. Then, the feature vectors of all audio samples were merged to
form a 418 x 30 feature matrix. Next, Z-score normalization was applied column-wise to this feature
matrix (i.e., adjusting the mean of each column to 0 and the standard deviation to 1), ensuring that
the distributions of all features are consistent in scale. Let the mean of the i-th column be y; and the
standard deviation be o;. For the feature value x;; in the i-th column and j-th row (i = 1,2,...,30;
Jj=1,2,...,418), the standardized value is denoted as z;; (i = 1,2,...,30; j = 1,2,...,418), and the
calculation formula is as follows:

Xij — Hi
Zij = . (3.7)

o]
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4. Models and evaluation metrics

The machine learning baseline models used in this study are the backpropagation neural network
(BP), recurrent neural network (RNN), LSTM, gated recurrent unit (GRU), and echo state network
(ESN). The hyperparameter optimization methods employed include chaotic optimization and
Bayesian optimization. The model evaluation metrics used include accuracy, precision, recall,
F1-score, as well as the confusion matrix, ROC curve, and F1-score comparison chart.

4.1. Brief introduction to ten repetitions of ten-fold cross-validation

Ten repetitions of ten-fold cross-validation, consisting of ten independent repetitions, is an extended
form of standard ten-fold cross-validation.

Model
SMOTE Training
Data Accuracy
splitting J’
Validation Precision
- Recall

F1-Score

Figure 4. Schematic of one fold in 10 x 10-fold cross-validation.

The dataset used in this study suffers from a severe class imbalance problem, with 285 pneumonia
samples and only 133 healthy samples. As shown in Figure 4, to eliminate the prediction bias caused
by the imbalanced class ratio, the synthetic minority over-sampling technique (SMOTE) was applied
to the training set. SMOTE was only used for model training and was not involved in the evaluation
on the training and validation sets. The SMOTE algorithm is based on the KNN concept, generating
synthetic samples among the minority class samples (healthy samples) to enrich the feature
distribution of the minority class. During execution, the parameters of SMOTE were set as follows:
random number generator seed (random_state) = 42, k-nearest neighbors parameter (k_neighbors)
= 5, sampling strategy (sampling_strategy) =‘auto’, where the third parameter functions to
automatically balance all class counts to the maximum value.

Ten-fold cross-validation refers to randomly dividing the dataset into ten equal subsets, selecting
one subset as the validation set and the remaining nine subsets as the training set, conducting model
training and validation, and recording the metric values. This process is called a fold. There are
ten folds in total, so this process is repeated ten times, each time selecting a different subset as the
validation set. Ten repetitions of ten-fold cross-validation are an extension of ten-fold cross-validation,
meaning that the ten-fold cross-validation is carried out ten times, and each time the dataset is randomly
re-divided into ten equal parts. Figure 4 illustrates the process of one fold within the ten repetitions of
ten-fold cross-validation. In this study, the final performance metric values of the model default to the
average over all folds.
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4.2. Brief introduction to the models
4.2.1. Backpropagation neural network (BP)

BP is a type of feedforward neural network, and its core idea is backpropagation [11-15]. The BP
neural network consists of three layers: an input layer, a hidden layer, and an output layer. During
the training process, based on the output error, the BP model can adjust the weights of each neuron
through backpropagation. For each input, the BP neural network computes the corresponding output
via weighted sums, where commonly used activation functions such as Sigmoid and ReLLU are applied
at each layer (Figure 5).

X1 Y1
X2 Y2
[ ] L[]
xn yn

Input layer Hidden layer  Output layer

Figure 5. Schematic diagram of the BP architecture [15].

For each input, the BP neural network computes the corresponding output by means of weighted
sums, where commonly used activation functions such as Sigmoid and ReLLU are applied at each layer,
as follows:

1
Si d(z) = , 4.1
igmoid(z) T3 o 4.1)
ReLU(z) = max(0, ), 4.2)

where z denotes the weighted sum of the input values. Then, the initial output error value L is calculated
using a loss function. Assuming that the value of a neuron after the activation function is a; and its
input is z;, the gradient of the loss function with respect to the weight of this neuron can be obtained

as follows:

oL _ 0L da 32 w3

The weight parameters of each neuron are updated according to the gradient descent method,
as follows:
oL

o (4.4)

Whew = Wold —
Through continuous iterative adjustments, the model performance achieves the desired level.
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4.2.2. Recurrent neural network (RNN)

RNN is a neural network architecture with memory capability, suitable for processing data with
temporal characteristics, such as speech and text [16-20]. RNN also has a three-layer structure
consisting of an input layer, a hidden layer, and an output layer. Unlike traditional feedforward neural
networks, RNN has a unique internal recurrent connection structure, which makes the current output
depend on both the current input and the previous states (Figure 6).

connection

Hidden
layer
Figure 6. Schematic diagram of the RNN architecture [20].

Let the input at the current time step be x;, the hidden state (output of the hidden layer) be A, and
the output be y. The formula to calculate the hidden state is as follows:

hy = o(Wyx, + Uphi—y + by). 4.5)
The final output is obtained through the hidden state, as follows:
y = o(wyh, + by), (4.6)

where W, U,, and w, are weight parameter matrices, b, and b, are bias terms, and o is the
activation function.

4.2.3. Long short-term memory (LSTM)

LSTM is an improved RNN model that successfully addresses the vanishing gradient and exploding
gradient problems encountered by RNNs when processing long sequences [21-25]. LSTM effectively
captures long-term dependencies by introducing three gating mechanisms (input gate, forget gate, and
output gate), making it more effective than traditional RNNs in processing temporal data. Based on the
previous hidden state 4,_; and the current input x,, the outputs of the input gate, forget gate, and output
gate can be obtained through different weight matrices W and bias terms b.

The input gate determines how much information from the current input is used. Given the input
gate weight W; and bias b;, the output value i, can be calculated as follows:

iy = o(W; - [h-1, x] + by), 4.7)
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where the forget gate determines which information to discard. Given the forget gate weight W, and
bias by, the output value f; can be obtained as follows:

Jfi=oWp-[h1, x]+ by), (4.8)

where the output gate determines the output of the current hidden state. Given the output gate weight
W, and bias b,, the final output value o, can be obtained as follows:

o= oW, - [hi_1, x;] + b,). 4.9)

4.2.4. Gated recurrent unit (GRU)

GRU is also an improved RNN model designed to solve the vanishing gradient problem of
RNNs [26-30]. Similar to LSTM, GRU adopts gating mechanisms to determine the storage and
updating of information, but its structure is more simplified, with only two gates: the update and the
reset gates (Figure 7).

Previous

Hidden State —
ht—l

Figure 7. Schematic diagram of the GRU architecture [30].

The update gate determines the update ratio of the hidden state, similar to the combination of the
input gate and forget gate in LSTM. Given the weight matrix W, and bias b,, and combining the
previous hidden state h,_; with the current input x,, the output z, of the update gate is obtained
as follows:

= oW, - [he1, %] + D), (4.10)

where the reset gate controls the degree to which the current input information is combined with the
previous hidden state. Similar to the logic of the update gate, given the weight matrix W, and bias b,,
and combining the previous hidden state /,_; with the current input x,, the output r, of the reset gate is
obtained as follows:

ri= oW, [h_1, x]+b,). 4.11)

The output value of the update gate z; € [0, 1] represents the degree to which the hidden state
is updated at the current time step: if z, is close to 1, then it means that the hidden state is almost
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completely updated; and conversely, if it is close to 0, then the hidden state is almost entirely retained.
For the reset gate, its output value is r, € [0, 1]: if r, is close to 1, then it means that the previous hidden
state has almost entirely preserved; and if it is close to 0, then the previous hidden state has almost no
influence on the current hidden state.

4.2.5. Echo state network (ESN)

ESN is a special type of neural network model with a recurrent structure [31-35]. Its structure
includes an input layer, a reservoir, and an output layer. The reservoir is randomly generated, and
the connection weights between neurons within it are randomly initialized and do not change during
training. Therefore, in the ESN architecture, only the weights of the output layer need to be trained,
while the other structures are fixed and do not require training (Figure 8). As a result, compared with
RNN:ss, the training process of the ESN is relatively simple and stable.

M

Win Wout ﬁ

0999 |

—
Input layer Reservoir Output layer

Figure 8. Schematic diagram of the ESN architecture [35].

In the computation of the output layer, the output at time ¢ is y;, and the calculation formula is
as follows:
Ve = Wour Xt (412)

where W,, 1s the connection weight matrix of the output layer, which needs to be obtained
through training.

4.3. Hyperparameter optimization
4.3.1. Chaos optimization

Chaotic optimization is a hyperparameter optimization method based on the chaos theory. It utilizes
the dynamic behavior of chaotic systems to generate efficient parameter search sequences, thereby
finding the globally optimal parameters. This study employs a chaotic hyperparameter optimization
algorithm based on the Logistic map as follows:

Xn+l =T Xy » (1 - -xn)’ (413)
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where the initial value x, € (0, 1) and r is the control parameter. Research has found that when r = 4,
the map enters a chaotic state, capable of generating chaotic sequences. It can search for parameters
over a relatively wide region with good ergodicity, effectively avoiding local optima and thus helping
the model find the globally optimal parameters.

4.3.2. Bayesian optimization

Bayesian optimization is a global optimization method based on a probabilistic model, primarily
used for optimizing expensive, non-differentiable, or irregular black-box functions. A Gaussian process
(GP) is typically used as the surrogate model, as follows:

J(x) ~ GP(m(x), k(x, x')). (4.14)

This surrogate model is used to predict the value of the objective function. We choose the commonly
used expected improvement function as the acquisition function, with the formula as follows:

EI(x) = E[max(f(x) — f*,0)], (4.15)

where f* is the current best objective value. Subsequently, the next evaluation point x,,,, is selected,
f(Xnexr) 1s computed through the true objective function, and the result (x,¢,, f(X,exr)) 1S added to the
sample set to update the Gaussian process. The model is continuously adjusted using new evaluation
points until the stopping condition is met, at which point the optimal hyperparameters required by the
model are obtained.

4.3.3. Optimization objective and parameter space

To find the optimal model performance, this study employs chaotic optimization and Bayesian
optimization algorithms to perform hyperparameter optimization on the LSTM. The objective
function used for optimization is the binary cross-entropy loss (BCE Loss) of the model on the
validation set. The hyperparameters to be optimized include the learning rate (Ir), hidden layer
dimension (hidden_dim), early stopping patience (patience), and batch size (batch_size).

Here, the learning rate (Ir) controls the step size of weight updates. The hidden layer dimension
(hidden_dim) determines the dimensionality of the internal state of the LSTM units; a dimension that
is too small may lead to underfitting, whereas a dimension that is too large may cause overfitting and
significantly increase computational cost. The early stopping patience (patience) refers to the number
of consecutive epochs allowed to continue training without termination when the validation loss does
not improve, and this parameter can effectively prevent overfitting. The batch size (batch_size) refers to
the number of training samples that pass through the network before the model parameters are updated.

4.4. Evaluation metrics

Evaluation metrics are quantitative standards used to measure the model performance, and
different metrics are adopted for different problems. As this experiment involves a classification
problem, the evaluation metrics we use include accuracy, precision, recall, and F1-score. In addition,
confusion matrices, receiver operating characteristic (ROC), and F1-score comparison charts are
plotted as graphical metrics to further evaluate the model performance.
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TP: true positive—the number of samples correctly predicted as the positive class by the model.
TN: true negative—the number of samples correctly predicted as the negative class by the model.
FP: false positive—the number of samples incorrectly predicted as the positive class by the model.
FN: false negative—the number of samples incorrectly predicted as the negative class by the model.

4.4.1. Dataset statistics

Accuracy is one of the most commonly used classification evaluation metrics. It represents the
proportion of correctly predicted samples to the total number of samples. The formula for accuracy is
as follows:

TP+TN

TP+TN+FP+FN

(4.16)

Accuracy =

Precision refers to the proportion of samples that are actually positive among those predicted as
positive by the model. It represents the model’s accuracy when predicting the positive class. The
formula for precision is as follows:

TP
Precision = ————. “4.17)
TP+ FP

Recall is the proportion of positive class samples that the model correctly identifies. It measures the
model’s ability to recognize the positive class. The formula for recall is as follows:

TP
Recall = ————. (4.18)
TP+ FN

The Fl-score is the harmonic mean of precision and recall, comprehensively taking both into
account. It is particularly suitable for data with a class imbalance. The formula for the F1-score is
as follows:

Pl = 2 0w Precision X Recall (4.19)

L 1 Precision + Recall
Precision Recall

4.4.2. Graphical evaluation metrics: confusion matrix

A confusion matrix is a table used to evaluate the performance of a classification model, thereby
visualizing the model’s prediction results for each class. In Figure 9, TP in the bottom-right corner
represents the number of samples that are actually positive and correctly predicted as positive, FN
in the bottom-left corner represents the number of samples that are actually positive but incorrectly
predicted as negative, FP in the top-right corner represents the number of samples that are actually
negative but incorrectly predicted as positive, and TN in the top-left corner represents the number of
samples that are actually negative and correctly predicted as negative.

In this experiment, the positive class is set as “Pneumonia” and the negative class as “Healthy”. The

confusion matrices used in this experiment are the cumulative results of the confusion matrices from
all folds.
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Figure 9. Schematic diagram of a confusion matrix for binary classification [36].

4.4.3. Graphical evaluation metrics: ROC curve

The ROC curve is a commonly used tool to evaluate the classification models. It illustrates the
model’s performance in a classification task by plotting the true positive rate (TPR) against the false
positive rate (FPR) at various threshold settings. The area under the curve (AUC) value is a quantitative
measure of the area under the ROC curve. AUC values close to 1 indicate a better classification
performance of the model. The horizontal axis of the ROC curve represents the FPR, which indicates
the proportion of negative class samples incorrectly predicted as positive by the model. Its calculation

formula is as follows:
FP

“FP+ TN
The vertical axis represents the TPR, which has the same definition as recall, indicating the

proportion of positive class samples correctly identified by the model. Its calculation formula is
as follows:

FPR (4.20)

TP

TPR= ——.
TP+ FN

4.21)

4.4.4. Graphical evaluation metrics: comparison of F1-scores

In this experiment, two curves are plotted in the F1-score comparison chart, representing the training
set and validation set data, as shown in Figures 13 and 17. The horizontal axis represents the fold
number of the ten repetitions of ten-fold cross-validation, totaling 100 folds, and the vertical axis
represents the F1-score of the model on the training set and validation set for each fold. The purpose
of plotting this chart is to qualitatively determine whether the model exhibits overfitting. If the training
set curve continues to rise while the validation set curve significantly differs from it, or if the F1-score
curve of the training set remains high while that of the validation set fluctuates considerably, then it
may indicate that the model is overfitting.

Additionally, the experiment provides the metric differences between the model on the training
set and the validation set, specifically referring to the differences in the average accuracy, average
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precision, etc, as shown in Tables 1 and 2. These data are used to quantitatively analyze whether the
model has overfitting. Ultimately, a comprehensive judgment is made based on both qualitative and
quantitative analyses to determine whether the model overfits the dataset.

5. Experimental results and analysis

This experiment uses ten repetitions of ten-fold cross-validation to train and validate the models.
The classification performance of the five baseline models on the dataset used in this experiment is
compared based on the evaluation metrics. The best-performing model among the baseline models is
selected for chaotic optimization and Bayesian optimization. By comparing the performances, we can
identify the most suitable hyperparameter optimization algorithm for that model.

5.1. Result analysis of the baseline models
5.1.1. Comparison of numerical evaluation metrics

As shown in Table 1 and Figure 10, the model with the best overall performance on the validation
set in this experiment is the LSTM. The LSTM achieves an accuracy of 91.12%, a precision of 95.63%,
a recall of 91.26%, and an F1-score of 93.25%, all of which are the highest among the five models.
For the BP model, although its precision reaches 92.40%, which is relatively good, its accuracy is
81.67%, its recall is 79.91%, and its Fl-score is 85.49%, making BP the lowest in terms of overall
performance among the five models. Based on the above analysis, the baseline model with the best
overall classification performance in this experiment is the LSTM, while the worst is the BP. Therefore,
we will not perform visual analysis of graphical metrics for BP in the following sections.

Table 1. Comparison of Results for BP, RNN, LSTM, GRU, and ESN.

Model Validation Set Training- Validation Metric Gap

Accuracy  Precision Recall Fl-score Accuracy Precision Recall Fl-score
LSTM 09112 0.9563 09126  0.9325 0.0295 0.0207 0.0225  0.0229
RNN 0.8942 0.9424 0.9014  0.9204 0.0231 0.0152 0.0180  0.0177
ESN 0.8535 0.9177 0.8650  0.8890 0.0171 0.0139 0.0096  0.0131
GRU 0.8509 0.9311 0.8495  0.8849 0.0232 0.0159 0.0171  0.0182
BP 0.8167 0.9240 0.7991  0.8549 0.0162 0.0104 0.0128  0.0138

5.1.2. Visualization analysis of graphical metrics: confusion matrix

After ten repetitions of ten-fold cross-validation, each model’s confusion matrix is the cumulative
result of all folds. In Figure 11, LSTM’s class labels are not clearly displayed, so note that label O
denotes “Healthy” samples and label 1 denotes “Pneumonia” samples. In this confusion matrix, the
top-left corner shows correctly predicted “Healthy” samples, the bottom-right shows correctly
predicted “Pneumonia” samples, the bottom-left shows ‘“Pneumonia” samples misclassified as
“Healthy”, and the top-right shows “Healthy” samples misclassified as “Pneumonia”.

The confusion matrices in Figure 11 are evaluated and analyzed below. As shown in Figure 11, the
correctly identified ‘“Pneumonia” samples are 2601 for the LSTM, 2569 for the RNN, 2465 for the
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Figure 10. Comparison of results for BP, RNN, LSTM, GRU, and ESN.

ESN, and 2421 for the GRU. This indicates that the LSTM achieves the best performance in
recognizing acoustic features of pneumonia patients in this experiment. The numbers of ‘“Pneumonia”
samples misidentified as “Healthy” by the four models are as follows: 429 for the GRU, 385 for the
ESN, 281 for the RNN, and 249 for the LSTM. Among them, the LSTM has the smallest number of
pneumonia patient audio samples incorrectly identified as healthy audio samples, with only 249 cases.
The numbers of “Healthy” samples misidentified as “Pneumonia” by the four models are as
follows: 227 for the ESN, 194 for the GRU, 161 for the RNN, and 122 for the LSTM. Among them,
the LSTM has the smallest number of healthy audio samples incorrectly identified as pneumonia
patient audio samples, with only 122 cases. In summary, the LSTM demonstrates the best prediction
performance for “Pneumonia” samples in this experiment.

5.1.3. Visualization analysis of graphical metrics: ROC curve

The ROC curves in Figure 12 are the average ROC curves across all folds of the ten repetitions of
ten-fold cross-validation. The horizontal axis is the FPR, representing the proportion of negative class
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Figure 11. Comparison of confusion matrices for RNN, LSTM, GRU, and ESN.

samples (“Healthy”) incorrectly predicted as the positive class (“Pneumonia”); the vertical axis is the
TPR, representing the proportion of positive class samples correctly predicted as positive.

The areas under the ROC curves (AUC values) of the four models, from highest to lowest, are
0.9667 (LSTM), 0.9495 (RNN), 0.9307 (ESN), and 0.9251 (GRU). From the perspective of the ROC
curves, the ranking of classification performance from high to low is as follows: LSTM, RNN, ESN,
GRU. Therefore, the LSTM exhibits the best classification performance on the pneumonia dataset,
followed by the RNN.

5.1.4. Visualization analysis of graphical metrics: F1-score comparison

Table 1 and Figure 13 serve as quantitative and qualitative analyses, respectively, to determine
whether the models exhibit overfitting.

When the metric values of the model on the training set are much larger than those on the validation
set, it can be preliminarily judged that the model exhibits overfitting. As shown in Table 1, the metric
with the largest difference for all four models is accuracy, and the specific differences, from largest
to smallest, are 2.95% (LSTM), 2.32% (GRU), 2.31% (RNN), and 1.71% (ESN). From the above
data, it can be seen that the maximum metric differences of the four models in this experiment do
not exceed 3%, indicating that these four models have good generalization abilities and a low risk
of overfitting. Among them, the ESN has the smallest difference of 1.71%, exhibiting the strongest
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Figure 12. Comparison of ROC curves for RNN, LSTM, GRU, and ESN.

generalization ability among the four models, followed by the RNN and the GRU with differences
of 2.31% and 2.32%, respectively, and finally the LSTM with a maximum difference of 2.95%, which,
however, does not exceed 3%.

From Figure 13, in the F1-score comparison charts of the RNN, LSTM, GRU, and ESN, the F1-
scores for the training set and validation set at each fold are generally close, and the fluctuation trends
of the two curves are similar. No cases are found where the F1-score on the training set is significantly
higher than that on the validation set, nor is there a progressively widening gap.

Based on the above visual performance analysis and overfitting risk analysis, it can be concluded
that in this experiment, the LSTM model achieves a significantly better overall performance than the
other three models. Although LSTM'’s generalization ability is slightly inferior to that of the other
three models, its maximum metric difference does not exceed 3%, indicating that the LSTM performs
well in terms of overfitting risk. Therefore, we select the LSTM model as the target for the next step
of hyperparameter optimization.

5.2. Hyperparameter optimization results of LSTM

The experiment found that among the five baseline models, the LSTM model exhibited the most
superior classification performance and good generalization ability. Next, we applied chaotic
optimization and Bayesian optimization to the LSTM, and then analyzed and evaluated the
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Figure 13. Comparison of F1-scores for RNN, LSTM, GRU, and ESN.

performance of the optimized models. It was ultimately found that, compared with Bayesian
optimization, chaotic optimization led to a greater improvement in the overall performance of
the LSTM.

The optimal hyperparameters obtained by chaotic optimization were as follows: learning rate (Ir)
= 1.17 x 1073, hidden layer dimension (hidden_dim) = 17, early stopping patience (patience) = 5, and
batch size (batch_size) = 21.

5.2.1. Comparison of numerical evaluation metrics

As shown in Table 2 and Figure 14, in this experiment, both chaotic optimization and Bayesian
optimization essentially achieved performance improvements for the LSTM. In terms of accuracy, the
accuracy of the LSTM after chaotic optimization reached 97.49%, and after Bayesian optimization, it
reached 93.04%, representing improvements of 6.37% and 1.92%, respectively, compared with the
unoptimized LSTM model, with chaotic optimization achieving the highest accuracy. In terms of
precision, the precision of the model after chaotic optimization and Bayesian optimization
reached 98.21% and 95.47%, respectively. Compared with the unoptimized LSTM model, chaotic
optimization improved this metric by 2.58%, whereas Bayesian optimization caused a decrease
of 0.16%, indicating that Bayesian optimization reduced the accuracy of LSTM in predicting the
positive class. In terms of recall, the recall of the model after chaotic optimization and Bayesian
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optimization was 98.18% and 94.39%, respectively, representing improvements of 6.92% and 3.13%
compared with the unoptimized LSTM, with the recall after chaotic optimization being significantly
higher than that after Bayesian optimization. In terms of the F1-score, the F1-score of the LSTM after
chaotic optimization reached 98.17%, and after Bayesian optimization it reached 94.85%,
representing improvements of 4.92% and 1.60%, respectively, compared with the unoptimized
LSTM, indicating that the Fl-score of LSTM after chaotic optimization is higher than that after
Bayesian optimization.

Table 2. Comparison of LSTM Results after Different Optimizations

Validation Set Training- Validation Metric Gap
Model

Accuracy Precision Recall Fl-score Accuracy Precision Recall F1-score
LSTM 09112 0.9563 0.9126 0.9325 0.0295 0.0207 0.0225 0.0229
LSTM+Bayesian  0.9304 0.9547 0.9439  0.9485 0.0258 0.0225 0.0142  0.0190
LSTM+Chaos 0.9749 0.9821 0.9818 0.9817 0.0243 0.0178 0.0172  0.0178
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Figure 14. Comparison of LSTM results after different optimizations.
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Summarizing the above evaluation, we find that chaotic optimization enables improvements in
accuracy, precision, recall, and Fl-score of the LSTM model to varying degrees, with the largest
improvement in recall, reaching 6.92%. Although Bayesian optimization improves the accuracy,
recall, and Fl-score of the LSTM model, the improvements are smaller than those from chaotic
optimization, and Bayesian optimization causes a decrease in precision instead of an increase.
Therefore, in this experiment, the LSTM model after chaotic optimization outperforms the LSTM
model after Bayesian optimization and the unoptimized LSTM model across all metrics.

5.2.2. Visualization analysis of graphical metrics: confusion matrix

In Figures 11 and 15, we compare the confusion matrices of the optimized LSTM models with that
of the unoptimized LSTM model, and analyze the ability of the LSTM to predict positive class samples.
For the LSTM after chaotic optimization, among the samples predicted as positive, 2798 are true
positive samples and 53 are negative class samples. Compared with the unoptimized LSTM, the former
increases by 197, while the latter decreases by 69. For the LSTM after Bayesian optimization, among
the samples predicted as positive, 2690 are true positive samples and 131 are negative class samples.
Compared with the unoptimized LSTM, the former increases by 89, while the latter increases by 9.
Thus, it can be seen that chaotic optimization improves LSTM’s ability to recognize pneumonia audio
samples, whereas Bayesian optimization causes a slight decline in LSTM’s ability to predict positive
class samples. Additionally, this analysis confirms the fact presented in Table 2 that the precision of
the LSTM after Bayesian optimization decreased rather than increased.
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Figure 15. Comparison of confusion matrices for LSTM after different optimizations.

5.2.3. Visualization analysis of graphical metrics: ROC curve

The ROC curves in Figure 16 illustrate the performance of the hyperparameter-optimized LSTM
models in the classification task. Combine the two ROC curves in Figure 16 with LSTM’s ROC curve
in Figure 12 for the performance analysis: for the LSTM model after chaotic optimization, its AUC
value is 0.9925; and for the LSTM model after Bayesian optimization, its AUC value is 0.9767.
Compared with the unoptimized LSTM model, they represent increases of 0.0258 and 0.01,
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respectively, indicating that both optimization methods substantially improved the classification
performance of the LSTM model in this experiment, and in this regard, chaotic optimization is
slightly superior to Bayesian optimization.
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Figure 16. Comparison of ROC curves for LSTM after different optimizations.

5.2.4. Visualization analysis of graphical metrics: F1-score comparison

Table 2 presents the metric differences of the LSTM between the training set and validation set
after hyperparameter optimization, and combined with the F1-score comparison chart in Figure 17, an
overfitting risk analysis is conducted on the optimized LSTM. The metric with the largest difference
for the LSTM model is accuracy, with a difference of 2.95%, which is very close to 3%. After
hyperparameter optimization, the metric with the largest difference remains accuracy, and the
maximum differences for chaotic optimization and Bayesian optimization are 2.43% and 2.58%,
respectively. Compared with 2.95%, these represent reductions of 0.52% and 0.37%, respectively. It
indicates that both hyperparameter optimization methods improved the generalization ability of the
LSTM and reduced the model’s risk of overfitting. On the other hand, as can be seen from Figure 17,
after two types of hyperparameter optimization, the F1-score values of the LSTM on the training set
per fold are quite similar and tend to be stable. On the validation set, the F1-score curve essentially
follows the same fluctuation trend as that of the training set, and the fluctuation range is reduced to
varying degrees, with the variance decreasing, indicating that both hyperparameter optimization
methods reduced the overfitting risk of the LSTM.

By combining the quantitative analysis in Table 2 and the qualitative analysis in Figure 17, it can be
concluded that both hyperparameter optimization methods enhanced the generalization ability of the
LSTM and lowered its risk of overfitting.

After the above performance analysis and overfitting risk analysis of the optimized models, we can
draw the following conclusion: the LSTM model after chaotic optimization is the best model among
those used in this experiment. On the dataset used in this experiment, this model has a controllable
overfitting risk and demonstrates excellent and reliable classification ability for the sound samples of
pneumonia patients and healthy individuals.

Big Data and Information Analytics Volume 10, 230-256.



252

F1-Score Comparison (10x10-Fold CV) F1-Score Comparison (10x10-Fold CV)
ongia Sreseston AR o ensteela toetn n s et Aeneneieal L 10 Arteusia ] Lalistut, en Apetetil,

0.8 0.8

0.6

°
S

F1-Score
F1-Score

0.4

o
=

0.2 0.2

—e— Train F1 Score —e— Train F1 Score
Validation F1 Score Validation F1 Score

0.0 0.0
0 20 a0 60 80 100 0 20 a0 60 80 100

Fold Fold

(a) LSTM+Chaos (b) LSTM+Bayesian

Figure 17. Comparison of ROC curves for the LSTM after different optimizations.

6. Conclusions

This experiment compared the performance differences of various machine learning models on the
selected audio dataset. When extracting features from the audio in the dataset, we chose to use MFCC
features. For each audio file, 13 MFCC means and 13 MFCC standard deviations were extracted,
along with 4 time-domain features, which were then combined to form a 30-dimensional feature
vector corresponding to the audio file. Subsequently, machine learning models such as the BP and the
RNN were employed to perform binary classification training and evaluation on these feature vectors.
Ten repetitions of ten-fold cross-validation were used during training to more comprehensively
demonstrate the models’ generalization ability on the dataset. Based on the cross-validation, the
models’ performance evaluation metrics, including accuracy, precision, recall, Fl-score, as well as
confusion matrices, ROC curves, and F1-score comparison charts, were calculated.

The results showed that the LSTM model after chaotic optimization exhibited a significant
classification capability on the selected pneumonia dataset, and the optimal hyperparameters obtained
by chaotic optimization were as follows: learning rate (Ir) = 1.17 x 1073, hidden layer dimension
(hidden_dim) = 17, early stopping patience (patience) = 5, and batch size (batch_size) = 21. After ten
repetitions of ten-fold cross-validation, the model achieved an accuracy of 97.49%, a precision
of 98.21%, a recall of 98.18%, and an F1-score of 98.17% on the validation set, indicating that the
model was able to correctly predict the vast majority of both pneumonia patients’ audio and healthy
individuals’ audio in this dataset, demonstrating excellent classification performance. Meanwhile, the
model’s risk of overfitting was controllable, with a maximum metric difference of only 2.43%
between the training and validation sets, suggesting good generalization ability across different
data splits.

This study has certain limitations. In the study, machine learning models were used for binary
classification of pneumonia patients and healthy individuals, and the selected dataset only
contained 418 audio samples. For the prediction of a major and hazardous disease such as pneumonia,
the dataset required for model training must be extensive and representative. Therefore, the models in
this experiment may only be applicable to the dataset used, and the breadth, representativeness, and
applicability of the dataset cannot be guaranteed.  Additionally, the variety of models and
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hyperparameter optimization methods involved in the training was insufficient, and there may exist
other models more suitable for this classification task.

In the future, to address the limitations of this study, we plan to make further improvements. For
instance, we will expand the scale of the pneumonia audio dataset and seek larger pneumonia audio
sample datasets to make the experimental results more accurate and authoritative. We will explore other
sound features more suitable for distinguishing between pneumonia patients and healthy individuals
to enhance the model’s ability to discriminate pneumonia patients’ sound samples and improve model
performance. We will consider using other machine learning or deep learning models, or ensemble
models, such as combining the RNN and the LSTM, which may yield better classification performance
on the pneumonia dataset.
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