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Abstract
The harmful impacts of excessive stress on people’s health have been widely acknowledged, necessitating effective 
methods for its identification. Recognizing the importance of early stress detection and intervention, this research 
aims to contribute to the field of healthcare. To achieve this objective, this study classifies electrocardiogram 
(ECG) signals by assessing physio-psychological states, specifically stress and examines the role of music therapy 
in alleviating stress. ECG signals, recorded both before and after a music therapy session, were collected. Using 
signal processing techniques, essential features were extracted from these ECG signals, resulting in a more accurate 
identification of stress. Additionally, through experimentation and model evaluation, k-nearest Neighbors (KNN) and 
Classification and Regression Trees (CART) were determined to be the most effective models for this classification. 
Both models consistently yielded 90% accuracy. These identified extracted features and models are vital to effectively 
recognizing stress in ECG signals, offering valuable insights for future studies and clinical applications. This research 
contributes not only to the development of tools for stress detection but also to the understanding of the therapeutic 
impact of music.
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1. Introduction
Cardiovascular health problems, conditions that affect the heart and blood vessels can lead to various disorders. These conditions can be 
caused by several different factors such as high blood pressure, a sedentary lifestyle, high cholesterol levels, smoking, and chronic stress 
[1,2]. Stress is a psychological and physiological response to challenging situations or demands. Stress often results in an elevated heart 
rate, increased blood pressure, and the release of stress hormones [3].

Prolonged and chronic stress can have detrimental effects on cardiovascular health, leading to the development and progression of heart 
diseases [4]. Increased sympathetic activity and reduced parasympathetic activity, can also lead to an imbalance in the autonomic ner-
vous system. This can negatively impact heart rate variability and increase the risk of arrhythmias [5].

Electrocardiography is a non-invasive diagnostic technique used to record and analyze the electrical activity of the heart [6]. Electro-
cardiography involves placing electrodes on the skin’s surface, which then detects the electrical signals generated by the heart’s depo-
larization and repolarization processes [7]. These signals are recorded as waveforms that represent different phases of the cardiac cycle. 
An electrocardiogram (ECG) is the graphical representation of these signals. By interpreting ECGs, medical practitioners can assess the 
heart’s function and detect irregularities such as arrhythmias, myocardial infarctions (heart attacks), and conduction abnormalities [8].

Clinically, ECGs are normally interpreted by an electrophysiology with a high level of expertise. ECG interpretation is time-consuming 
and dependent on individual interpretations [9]. The scarcity of medical experts, the complexity of ECG interpretations, and the similar-
ities in the manifestations of heart abnormalities in ECG signals create challenges that can be addressed through machine learning [10]. 
Early detection through machine learning used to require long-term monitoring (more than 24 hours) of the heart. However, there have 
been rapid improvements in devices, data acquisition, and machine-learning techniques [11].
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Heart Rate Variability (HRV) is a critical physiological measure derived from ECG signals that offer valuable insights into the autonomic 
nervous system’s activity, specifically the balance between sympathetic and parasympathetic branches [12]. HRV quantifies the variation 
in time intervals between successive heartbeats, known as RR intervals, and reflects the dynamic nature of heart rate modulation [13]. 
Stress and anxiety often lead to decreased HRV, indicating a reduced ability to regulate stress and a shift towards a more sympathet-
ic-dominant state. On the other hand, relaxed states and positive emotions are associated with higher HRV, reflecting enhanced vagal 
tone and greater parasympathetic modulation [14].

To detect and analyze stress through ECG signals, several machine-learning techniques have been utilized in numerous studies. These 
techniques include K-Nearest Neighbor (KNN), Linear Discriminant Analysis, Linear Regression, Naive Bayes, Random Forest, Ada-
Boost, and, most commonly, Support Vector Machine (SVM) [15-20]. The accuracy of the data is also commonly improved by applying 
10-fold cross-validation [20].

In the study conducted by Garg et al., the main objective was to detect stress. TThe study included KNN, Linear Discriminant Analysis, 
Random Forest, AdaBoost, and SVM. The Random Forest model outperformed other models with F1 scores of 83.34 and 65.73 for 
binary classification and three-class classification [17]. Similarly, the study conducted by Ahuja and Banga aimed to analyze stress in 
college students. The study compared Linear Regression, Naive Bayes, Random Forest, and SVM and found that SVM produced the 
highest accuracy (85.71 percent) [20].

The field of ECG-based stress detection and music’s influence on stress remains relatively underexplored. There are only a few studies 
that directly investigate the interplay between ECG signals, music, and stress responses. Therefore, further research in this domain is 
essential to establish robust and reliable methods for stress assessment using ECG and to better understand how music can modulate 
stress-related physiological responses.

The primary objective of this research endeavor is to develop a sophisticated model capable of accurately distinguishing between states 
of stress and relaxation in individuals. As music has long been associated with emotions and well-being, this investigation seeks to 
unravel the potential therapeutic impact of classical compositions on the human cardiovascular system. By harnessing the power of 
data-driven analysis and cutting-edge algorithms, the model will discern intricate ECG features, capturing the subtle shifts in heart rate 
variability and related parameters that may emerge in response to the calming influence of classical tunes. The model can revolutionize 
stress management and wellness practices and can pave the way for interventions tailored to each individual’s unique physiological 
response.

2. Materials and Methods 
2.1 Dataset Description 
The data used in this paper is from the Combined measurement of ECG, Breathing, and Seismocardiograms DataBase (CEBSDB) from 
the Physionet database [21,22]. CEBSDB contains ECG signals for 20 presumed healthy volunteers. The subjects are all Caucasian 
with ages ranging from 19 to 30 years old. 8 subjects are female while the remaining 12 subjects are male, and all but one subject are 
non-smokers. At the time of the experiment, 8 subjects had recent coffee intake while 12 subjects did not and 8 subjects had a seden-
tary lifestyle while 12 subjects had a healthy lifestyle. Using a Biopac MP36 data acquisition system, channels 1 and 2 of the system 
measured conventional ECG while the subjects stayed still in a supine position on a comfortable conventional single bed. The subjects 
remained awake as the sensors were attached and the basal state was recorded for 5 minutes (records b001 to b020 in the dataset). The 
subjects listened to classical music for approximately 50 minutes and after the music ended, their ECG signals were once again measured 
and recorded for 5 minutes (records p001 to p020 in the dataset).

2.2 Pre-Processing 
The ECG signals were initially sampled at a rate of 5000 Hz. The Nyquist Theorem states that the signal must sampled at a rate more 
than twice the maximum frequency of the obtained signal [23]. It’s written as    

Since ECG signals normally have a frequency range of [0, 150] Hz, the data was down-sampled to a sampling rate of 2*150 = 300 Hz.

The scipy. signal. resample function from the Scipy library was used to downsample the ECG data [24]. The resample function utilized 
the Fast Fourier Transform (FFT) method for this purpose. FFT is an efficient algorithm for computing the Discrete Fourier Transform 
(DFT) of a sequence of numbers. Compared to standard DFT calculation, FFT is much less computationally complex, making it ideal for 
signal processing. DFT is a technique that transforms a discrete sequence of numbers from the time domain into the frequency domain. 
DFT is defined by the formula

In the study conducted by Garg et al., the main objective
was to detect stress. The study KNN, Linear Discriminant
Analysis, Random Forest, AdaBoost, and SVM. The Random
Forest model outperformed other models with F1-scores of
83.34 and 65.73 for binary classification and three-class clas-
sification [17]. Similarly, the study conducted by Ahuja and
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compared Linear Regression, Naı̈ve Bayes, Random Forest,
and SVM and found that SVM produced the highest accuracy
(85.71 percent) [20].
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To eliminate redundant data, minimize errors, and make
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where X is each data point in the ECG signal, Xmin is the
minimum value of the ECG signal, and Xmax is the maximum
value of the ECG signal.
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library, the normalized data was passed through a Butterworth
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distortion of the filtered signal. Its typical transform function
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where N is the order of the filter, j is the imaginary unit, Ω
is the angular frequency, and Ωc is the cutoff frequency [27].
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where X is each data point in the ECG signal, Xmin is the minimum value of the ECG signal, and Xmax is the maximum value of the ECG 
signal.

Utilizing the scipy. signal.butter function from the Scipy library, the normalized data was passed through a Butterworth bandpass filter of 
0.05 to 149 Hz with an order of 2 [26]. A Butterworth filter is designed to have a maximally flat frequency response within its passband, 
resulting in minimal distortion of the filtered signal. 
Its typical transform function is given as: 
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In this study, the Butterworth filter was configured to function as a bandpass filter. A bandpass filter is characterized by two cutoff fre-
quencies, the lower cutoff frequency and the higher cutoff frequency [28]. Frequencies below the lower cutoff and above the higher 
cutoff are removed. 
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Figure 2: 5 seconds of the Processed ECG Data of Subject 1 After Listening to Music (label 1) 
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Figure 2: 5 seconds of the Processed ECG Data of Subject 1 After Listening to Music (label 1)
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2.3 Feature Extraction
To clearly identify any changes in the stress of the subjects after listening to classical music, 18 relevant features of the subjects’ ECG 
signals were extracted. These features are listed in Table 1.

Mean Arithmetic average of all data
Standard Deviation (Std) Spread of data points around the mean
Minimum Lowest electrical activity observed
Maximum Highest electrical activity observed
Mean of RR Average duration between R-peaks
Std of RR Variability in the time between R-peaks
IQR of RR Range between the 25th and 75th percentiles
Sq. Root Diff. of RR Variation in RR intervals
Minimum of RR Shortest duration between two R-peaks
Maximum of RR Longest duration between two R-peaks
QRS Duration Time for ventricles to depolarize and contract
PR Duration Start of P-wave to start of QRS complex
ST Duration Period between QRS complex and T wave
QT Duration Start of QRS complex to end of T-wave
HRV_LF Low-frequency heart rate variability
HRV_HF High-frequency heart rate variability
HRV_LFHF Ratio of HRV_LF to HRV_HF
Heartrate Calculated using RR intervals

Table 1: Description of All Extracted Features

To get the heart rate (see Fig. 3), QRS duration, PR duration, ST duration, and QT duration, Neurokit’s ECG process () function was nec-
essary [29]. When this function was called, the ecg delineate () function was also automatically invoked. The ECG delineate () function 
specifies a peak’s location, amplitude, duration, and any other relevant attributes in an ECG. This allowed for the identification of QRS 
complexes (R-peaks), P-peaks, T-peaks, and other relevant peaks.

This function utilized Discrete Wavelength Transform (DWT) for the delineation. DWT decomposed the signal into multiple scales, each 
representing different frequency components. Peaks in the signal were highlighted as significant coefficients at specific scales, allowing 
for enhanced feature detection. Peak detection algorithms were then applied to these DWT coefficients to identify and delineate peaks. 
DWT can be written as 

where ψ is the mother wavelength and dj,k are known as wavelet coefficients at level j and location k [30].

Figure 3: A visual of Subject 1’s heart rate 

 

Three of the features in Table 1 are considered HRV features: HRV LF, HRV HF, and HRV 

LFHF. HRV is the measure of the variation in time between successive heartbeats. It quantifies 

the fluctuations in the time intervals between successive R-wave peaks in an ECG signal. In this 

study, only HRV frequency-domain features were obtained through the Neurokit library [31]. To 

acquire these features, the signal was segmented and windowed and FFT was once again applied. 

Then, the power spectrum of each segment was calculated by squaring the FFT result. The 

equation is  

 

   ( )   
   ( ) 

                 (6) 

 

 

 

where    ( ) represe the Power Spectral Density (PSD) at frequency bin  ,   is the number of 

data points in your signal, and  ( ) is the DFT formula defined earlier in the equation 

2 [32]. The PSD revealed the power associated with each frequency component and was used to 

calculate HRV_LF, HRV_HF, and HRV_LFHF. 

 

2.4. Feature Visualization 

 

In order to ensure that the extracted features used were important and necessary for the machine 

learning models’ improved accuracy, feature visualization was necessary.  

The correlation matrix was used to determine the correlation coefficient between two features 

and evaluate their linear dependency. The correlation matrix utilized in this study is from the 

Figure 3: A visual of Subject 1’s heart rate

The signals were then divided into two classes. Label 0
represents the signals measured before classical music was
played and label 1 represents the signals measured after
classical music was played. Records b001 to b020 were labeled
0 and records p001 to p020 were labeled 1.

Fig. 1: 5 seconds of the Processed ECG Data of Subject 1
Before Listening to Music (label 0)

Fig. 2: 5 seconds of the Processed ECG Data of Subject 1
After Listening to Music (label 1)

C. Feature Extraction

To clearly identify any changes in the stress of the subjects
after listening to classical music, 18 relevant features of the
subjects’ ECG signals were extracted. These features are listed
in Table 1.

TABLE I: Description of All Extracted Features

Mean Arithmetic average of all data
Standard Deviation (Std) Spread of data points around the mean
Minimum Lowest electrical activity observed
Maximum Highest electrical activity observed
Mean of RR Average duration between R-peaks
Std of RR Variability in the time between R-peaks
IQR of RR Range between the 25th and 75th percentiles
Sq. Root Diff. of RR Variation in RR intervals
Minimum of RR Shortest duration between two R-peaks
Maximum of RR Longest duration between two R-peaks
QRS Duration Time for ventricles to depolarize and contract
PR Duration Start of P-wave to start of QRS complex
ST Duration Period between QRS complex and T wave
QT Duration Start of QRS complex to end of T-wave
HRV LF Low-frequency heart rate variability
HRV HF High-frequency heart rate variability
HRV LFHF Ratio of HRV LF to HRV HF
Heartrate Calculated using RR intervals

To get the heartrate (see Fig. 3), QRS duration, PR duration,
ST duration, and QT duration, Neurokit’s ecg process() func-
tion was necessary [29]. When this function was called, the
ecg delineate() function was also automatically invoked. The
ecg delineate() function specified a peak’s location, amplitude,
duration, and any other relevant attributes in an ECG. This
allowed for the identification of QRS complexes (R-peaks),
P-peaks, T-peaks, and other relevant peaks.

This function utilized Discrete Wavelength Transform
(DWT) for the delineation. DWT decomposed the signal
into multiple scales, each representing different frequency
components. Peaks in the signal were highlighted as significant
coefficients at specific scales, allowing for enhanced feature
detection. Peak detection algorithms were then applied to these
DWT coefficients to identify and delineate peaks. DWT can
be written as

dj,k =

∫ ∞

−∞
s(t)

1√
2j

ψ

(
t− k2j

2j

)
dt (5)

where ψ is the mother wavelength and dj,k are known as
wavelet coefficients at level j and location k [30].

Fig. 3: A visual of Subject 1’s heartrate

Three of the features in Table 1 are considered HRV
features: HRV LF, HRV HF, and HRV LFHF. HRV is the
measure of the variation in time between successive heartbeats.
It quantifies the fluctuations in the time intervals between
successive R-wave peaks in an ECG signal. In this study, only
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The closer the correlation coefficient is to -1 or 1, the stronger the relationship is. Features with 

high correlation are more linearly dependent on each other and will have similar information 

[35]. In the correlation matrix, the IQR of RR feature and the std of RR feature had a high 

correlation coefficient: 0.91. To reduce redundancy and improve the stability of the model, the 

std of RR feature was removed as well. 

 

When the correlation coefficient between two features is low (closer to 0), it could indicate that 

the feature does not contribute substantial information [36]. The QRS duration feature had weak 

relationships with all the other features. Many of its correlation coefficients were close to 0, with 

its highest only being 0.40. Due to this, the QRS duration feature was removed as well. 
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Figure 4: Correlation matrix of all features

The closer the correlation coefficient is to -1 or 1, the stronger the relationship is. Features with high correlation are more linearly de-
pendent on each other and will have similar information [35]. In the correlation matrix, the IQR of RR feature and the std of RR feature 
had a high correlation coefficient: 0.91. To reduce redundancy and improve the stability of the model, the std of RR feature was removed 
as well.

When the correlation coefficient between two features is low (closer to 0), it could indicate that the feature does not contribute substantial 
information [36]. The QRS duration feature had weak relationships with all the other features. Many of its correlation coefficients were 
close to 0, with its highest only being 0.40. Due to this, the QRS duration feature was removed as well.

The features were also visualized as boxplots through the Pandas library [37]. Each graph contained two boxplots, one for each class 
(before and after listening to music).  



  Volume 4 | Issue 2 | 71Adv Mach Lear Art Inte,  2023

 
Figure 5: Boxplots of all features for signals obtained before music (label 0) and after music 

(label 1) 

 

The boxplots revealed whether there were significant differences between the extracted features 

from each class. There were 7 features that displayed any visible differences: mean, std, max, PR 

duration, QT duration, HRV LFHF, and heartrate. Another feature matrix was created containing 

only these 7 features. 

 

2.4 Principal Component Analysis (PCA) 

PCA reduces the complexity and dimensionality of the data, often improving the performance of 

machine learning models. PCA retains the most significant patterns and discards less important 

features, making it easier to work with large datasets. 

PCA consists of data standardization, the covariance matrix, and eigenvalue decomposition. The 

formula to find the largest eigenvalue is 

(8) 

where v is an eigenvector, X is a matrix of data, vT is the transpose of v, and X̃T is the 

transpose of X [38]. 

 

The number of components for PCA was chosen using the graph of the cumulative explained 

variance. In order to explain around 99% of the variance, this study used four components. 

Figure 5: Boxplots of all features for signals obtained before music (label 0) and after music (label 1)

The boxplots revealed whether there were significant differences between the extracted features from each class. There were 7 features 
that displayed any visible differences: mean, std, max, PR duration, QT duration, HRV_LFHF, and heartrate. Another feature matrix was 
created containing only these 7 features.

2.4 Principal Component Analysis (PCA)
PCA reduces the complexity and dimensionality of the data, often improving the performance of machine learning models. PCA retains 
the most significant patterns and discards less important features, making it easier to work with large datasets.
PCA consists of data standardization, the covariance matrix, and eigenvalue decomposition. The formula to find the largest eigenvalue is

where v is an eigenvector, X is a matrix of data, vT is the transpose of v, and X T is the transpose of X [38].

The number of components for PCA was chosen using the graph of the cumulative explained variance. In order to explain around 99% 
of the variance, this study used four components.
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As this research didn’t have a large dataset, it was necessary to compare the results of using PCA 

with the results of not using PCA. 
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This study compared the results of 6 machine learning models: Linear Regression (LR), K-
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Model Description 

LR Fits a linear equation to observed data 
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SVM Finds hyperplane that maximizes separation between classes 

LDA Reduces data dimensions while maximizing class separation 

TABLE 2: Models 
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HRV frequency-domain features were obtained through the
Neurokit library [31]. To acquire these features, the signal was
segmented and windowed and FFT was once again applied.
Then, the power spectrum of each segment was calculated by
squaring the FFT result. The equation is

Pxx(k) =
1

N
|X(k)|2, k = 0, 1, 2, ..., N − 1 (6)

where Pxx(k) represents the Power Spectral Density (PSD) at
frequency bin k, N is the number of data points in your signal,
and X(k) is the DFT formula defined earlier in equation
2 [32]. The PSD revealed the power associated with each
frequency component and was used to calculate HRV LF,
HRV HF, and HRV LFHF.

D. Feature Visualization

In order to ensure that the extracted features used were
important and necessary for the machine learning models’
improved accuracy, feature visualization was necessary.

The correlation matrix was used to determine the correlation
coefficient between two features and evaluate their linear
dependency. The correlation matrix utilized in this study is
from the Pandas library and is based on Pearson’s correlation
coefficient [33]. For a correlation between variables x and y,
the formula is

r =

∑n
i=1 (xi − x)(yi − y)√∑n

i=1 (xi − x)
2 ∑n

i=1 (yi − y)
2

(7)

where n is the number of data points and xi and yi represent
individual data points in x and y [34].

Fig. 4: Correlation matrix of all features

The closer the correlation coefficient is to -1 or 1, the
stronger the relationship is. Features with high correlation are
more linearly dependent on each other and will have similar
information [35]. In the correlation matrix, the IQR of RR
feature and the std of RR feature had a high correlation
coefficient: 0.91. To reduce redundancy and improve the
stability of the model, the std of RR feature was removed.

When the correlation coefficient between two features is
low (closer to 0), it could indicate that the feature does not
contribute substantial information [36]. The QRS duration
feature had weak relationships with all the other features.
Many of its correlation coefficients were close to 0, with its
highest only being 0.40. Due to this, the QRS duration feature
was removed as well.

The features were also visualized as boxplots through the
Pandas library [37]. Each graph contained two boxplots, one
for each class (before and after listening to music).

Fig. 5: Boxplots of all features for signals obtained before
music (label 0) and after music (label 1)

The boxplots revealed whether there were significant differ-
ences between the extracted features from each class. There
were 7 features which displayed any visible differences:
mean, std, max, PR duration, QT duration, HRV LFHF, and
heartrate. Another feature matrix was created containing only
these 7 features.

E. Principal Component Analysis (PCA)

PCA reduces the complexity and dimensionality of the
data, often improving the performance of machine learning
models. PCA retains the most significant patterns and discards
less important features, making it easier to work with large
datasets.

PCA consists of data standardization, the convariance ma-
trix, and eigenvalue decomposition. The formula to find the
largest eigenvalue is

max
v

vT X̃T X̃ s.t. ∥v∥ = 1 (8)

where v is an eigenvector, X̃ is a matrix of data, vT is the
transpose of v, and X̃T is the transpose of X [38].
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As this research didn’t have a large dataset, it was necessary to compare the results of using PCA with the results of not using PCA.

2.5 Machine Learning Models
This study compared the results of 6 machine learning models: Linear Regression (LR), K-Nearest Neighbors (KNN), Classification and 
Regression Trees (CART), Gaussian Naïve Bayes (NB), Support Vector Machine (SVM), XGBoost, and Linear Discriminant Analysis 
(LDA) [39–45].

Model Description
LR Fits a linear equation to observed data
KNN Classifies based on the majority class of K nearest neighbors
CART Recursively splits data into subsets to create tree-like structure
NB Bayes’ theorem; uses conditional probabilities for classification
SVM Finds hyperplane that maximizes separation between classes
LDA Reduces data dimensions while maximizing class separation

TABLE 2: Models
2.6 Training and Testing Sets
The purpose of this study was to classify ECG signals as either before music therapy or after music therapy. However, the differences 
between the ECG signals before and after music therapy were very minute. As these signals were highly correlated, it was important to 
ensure both signals from each subject stayed together in either the training or testing set. If both signals did not stay together, it could 
have led to overfitting as the models learned to memorize the training data [46]. It could’ve also resulted in data leakage where informa-
tion from the testing set influenced the training of the model [47]. The models would’ve then learned to recognize patterns specific to the 
subject, rather than general patterns. In the case of both overfitting and data leakage, the models would’ve performed well on the testing 
data but poorly on unseen data. In this study, 80% of the subjects were placed in the training set and the remaining 20% were placed in 
the testing set. Both ECG signals of each subject stayed together during the splitting. Thus, there were 32 samples in the training set and 
8 in the testing set.

3. Results
3.1 Cross-validation
Cross-validation is a widely used technique to assess the performance of a machine learning model. Compared to a single train-test split, 
cross-validation is more robust. If a model performs well on the training data but poorly on the testing data in multiple cross-validation 
iterations (folds), it can indicate overfitting. Furthermore, cross-validation uses the data for both training and testing and increases effi-
ciency, which is helpful for small datasets. As cross-validation finds the average of multiple folds, the variability in the model’s perfor-
mance is reduced.

The form of cross-validation used in this study was the k-fold cross-validation. This form splits the data into k equal-sized subsets. The 
model was then trained and tested k times where for each iteration, one subset was used as the test set, and the remaining k-1 subsets 
were used as the training set. For each iteration, performance metrics (such as accuracy and precision) were calculated. The general 
equation is 

where n is the number of data points, yi is the true target value for the i-th data point, and f̅-k (xi) is the predicted value for the i-th data 
point obtained using the model trained on all but the kth subset [48]. This study used 4 folds to produce the best results.

3.2 Comparison of Results

Model Accuracy Standard Deviation
For All Features
LR 0.2500 0.0883
KNN 0.4063 0.1036
CART 0.2188 0.0541
NB 0.3125 0.0625

The number of components for PCA was chosen using the
graph of the cumulative explained variance. In order to explain
around 99% of the variance, this study used four components.

Fig. 6: Cumulative Explained Variance for PCA Components

As this research didn’t have a large dataset, it was necessary
to compare the results of using PCA with the results of not
using PCA.

F. Machine Learning Models

This study compared the results of 6 machine learning
models: Linear Regression (LR), K-Nearest Neighbors (KNN),
Classification and Regression Trees (CART), Gaussian Naive
Bayes (NB), Support Vector Machine (SVM), XGBoost, and
Linear Discriminant Analysis (LDA) [39]–[45].

TABLE II: Models

Model Description
LR Fits a linear equation to observed data
KNN Classifies based on the majority class of K nearest neighbors
CART Recursively splits data into subsets to create tree-like structure
NB Bayes’ theorem; uses conditional probabilities for classification
SVM Finds hyperplane that maximizes separation between classes
LDA Reduces data dimensions while maximizing class separation

G. Training and Testing Sets

The purpose of this study was to classify ECG signals as
either before music therapy or after music therapy. However,
the differences between the ECG signals before and after
music therapy were very minute. As these signals were highly
correlated, it was important to ensure both signals from each
subject stayed together in either the training or testing set.
If both signals did not stay together, it could have led to
overfitting as the models learned to memorize the training
data [46]. It could’ve also resulted in data leakage where
information from the testing set influenced the training of the
model [47]. The models would’ve then learned to recognize
patterns specific to the subject, rather than general patterns.
In the case of both overfitting and data leakage, the models
would’ve performed well on the testing data but poorly on
unseen data.

In this study, 80% of the subjects were placed into the
training set and the remaining 20% were placed into the testing
set. Both ECG signals of each subject stayed together during
the splitting. Thus, there were 32 samples in the training set
and 8 in the testing set.

III. RESULTS

A. Cross-validation

Cross-validation is a widely used technique to assess the
performance of a machine learning model. Compared to a
single train-test split, cross-validation is more robust. If a
model performs well on the training data but poorly on the
testing data in multiple cross-validation iterations (folds), it
can indicate overfitting. Furthermore, cross-validation uses the
data for both training and testing and increases the efficiency,
which is helpful for small datasets. As cross-validation finds
the average of multiple folds, the variability in the model’s
performance is reduced.

The form of cross-validation used in this study was the k-
fold cross-validation. This form split the data into k equal
sized subsets. The model was then trained and tested k times
where for each iteration, one subset was used as the test set
and the remaining k-1 subsets were used as the training set.
For each iteration, performance metrics (such as accuracy and
precision) were calculated. The general equation is

Performance Estimate =
1

n

n∑
i=1

Loss(yi, f̂−k(xi)) (9)

where n is the number of data points, yi is the true target value
for the i-th data point, and f̂−k(xi) is the predicted value for
the i-th data point obtained using the model trained on all but
the kth subset [48]. This study used 4 folds to produce the
best results.

B. Comparison of Results

TABLE III: Training Accuracies

Model Accuracy Standard Deviation
For All Features

LR 0.2500 0.0883
KNN 0.4063 0.1036
CART 0.2188 0.0541

NB 0.3125 0.0625
SVM 0.3125 0.0625
LDA 0.1875 0.1398

For PCA
LR 0.2991 0.0462

KNN 0.294643 0.0949
CART 0.1964 0.0536

NB 0.2679 0.0902
SVM 0.200893 0.0684
LDA 0.2991 0.0462

For Specific Features
LR 0.7679 0.1763

KNN 0.9688 0.0541
CART 0.9330 0.0673

NB 0.8000 0.1247
SVM 0.8705 0.0887
LDA 0.7679 0.1763
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SVM 0.3125 0.0625
LDA 0.1875 0.1398
For PCA
LR 0.2991 0.0462
KNN 0.294643 0.0949
CART 0.1964 0.0536
NB 0.2679 0.0902
SVM 0.200893 0.0684
LDA 0.2991 0.0462
For Specific Features
LR 0.7679 0.1763
KNN 0.9688 0.0541
CART 0.9330 0.0673
NB 0.8000 0.1247
SVM 0.8705 0.0887
LDA 0.7679 0.1763

3.3 Best Results
When the models were trained on the seven specifically chosen features (mean, std, max, PR duration, QT duration, HRV_LFHF, heart 
rate), the accuracies were the highest

Model Accuracy Precision Recall f1
Training Set
LR 0.7679 0.7667 0.8125 0.7817
KNN 0.9688 0.9500 1.0000 0.9722
CART 0.9330 0.9500 0.9167 0.9222
NB 0.8000 0.8700 0.8000 0.7814
SVM 0.8705 0.8875 0.8750 0.8740
LDA 0.7679 0.7667 0.8125 0.7817
Testing Set
LR 0.50 0.50 1.00 0.67
KNN 0.90 0.83 1.00 0.91
CART 0.90 0.83 1.00 0.91
NB 0.60 0.56 1.00 0.71
SVM 0.80 0.71 1.00 0.83
LDA 0.50 0.50 0.40 0.44

The table above contains the precision, recall, and f1 scores of different models trained on the seven features.

Precision is a performance metric that measures the accuracy of positive predictions made by the model. The equation is given as 

where TP is the true positives and FP is the false positives. Recall is the ability of a model to correctly identify all instances of a class in 
a dataset. Recall is calculated by the formula
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The F1 score is another measure of accuracy [49]. 

 

4 Discussion 

This study’s method involved several key steps in the data processing and analysis pipeline. 

Firstly, pre-processing was performed on the raw data, which included normalization, down 

sampling using Fast Fourier Transform (FFT), and band- pass filtering to retain frequency 

components between 0.05 and 149 Hz. Next, during feature extraction, peaks in the signal were 

identified using Discrete Wavelet Transform (DWT), and Heart Rate Variability (HRV) features 

were computed using Power Spectral Density (PSD) analysis. For feature selection and 

visualization, boxplots were employed to identify seven features that exhibited significant 

differences between the before music therapy and after music therapy groups. To reduce 

dimensionality and aid in visualization, we applied Principal Component Analysis (PCA) and 

determined that using four components effectively captured the data’s variance. The models’ 

results obtained with PCA, without PCA, and without PCA using the seven specific features 

were compared to determine the best results. 

 

This method was chosen based on insights from existing literature, which highlighted the most 

commonly employed models and techniques for ECG signal analysis. To ensure the robustness 

of this study’s analysis, widely recognized and established methodologies were used to ensure 

the robustness of our analysis. Standard techniques such as Principal Component Analysis (PCA) 

and cross-validation were employed to optimize model performance, enhancing the reliability of 

this study’s findings. Furthermore, widely accepted evaluation metrics, such as precision and the 

F1 score, were used to assess the functionality and effectiveness of the selected models, 

providing a comprehensive and rigorous approach to this research. 

Table 3: Training Accuracies 

Table 4: Results for Specific Features

C. Best Results

When the models were trained on the seven specifically
chosen features (mean, std, max, PR duration, QT duration,
HRV LFHF, heartrate), the accuracies were the highest.

TABLE IV: Results for Specific Features

Model Accuracy Precision Recall f1
Training Set

LR 0.7679 0.7667 0.8125 0.7817
KNN 0.9688 0.9500 1.0000 0.9722
CART 0.9330 0.9500 0.9167 0.9222
NB 0.8000 0.8700 0.8000 0.7814
SVM 0.8705 0.8875 0.8750 0.8740
LDA 0.7679 0.7667 0.8125 0.7817

Testing Set
LR 0.50 0.50 1.00 0.67
KNN 0.90 0.83 1.00 0.91
CART 0.90 0.83 1.00 0.91
NB 0.60 0.56 1.00 0.71
SVM 0.80 0.71 1.00 0.83
LDA 0.50 0.50 0.40 0.44

The table above contains the precision, recall, and f1 score
of different models trained on the seven features.

Precision is a performance metric that measures the accu-
racy of positive predictions made by the model. The equation
is given as

Precision =
TP

TP + FP
(10)

where TP is the true positives and FP is the false positives.
Recall is the ability of a model to correctly identify all
instances of a class in a dataset. Recall is calculated by the
formula

Recall =
TP

TP + FN
(11)

where FN is the false negatives. The F1 score combines both
precision and recall into a single metric using the equation

F1 =
2 ∗ Precision ∗Recall

Precision+Recall
(12)

The F1 score is another measure of accuracy [49].

D. Discussion

This study’s method involved several key steps in the data
processing and analysis pipeline. Firstly, pre-processing was
performed on the raw data, which included normalization,
downsampling using Fast Fourier Transform (FFT), and band-
pass filtering to retain frequency components between 0.05 and
149 Hz. Next, during feature extraction, peaks in the signal
were identified using Discrete Wavelet Transform (DWT) and
Heart Rate Variability (HRV) features were computed using
Power Spectral Density (PSD) analysis. For feature selection
and visualization, boxplots were employed to identify seven
features that exhibited significant differences between the
before music therapy and after music therapy groups. To
reduce dimensionality and aid in visualization, we applied
Principal Component Analysis (PCA) and determined that
using four components effectively captured the data’s variance.
The models’ results obtained with PCA, without PCA, and

without PCA using the seven specific features were compared
to determine the best results.

This method was chosen based on insights from existing
literature, which highlighted the most commonly employed
models and techniques for ECG signal analysis. To ensure
the robustness of this study’s analysis, widely recognized and
established methodologies were used to ensure the robustness
of our analysis. Standard techniques such as Principal Com-
ponent Analysis (PCA) and cross-validation were employed
to optimize model performance, enhancing the reliability of
this study’s findings. Furthermore, widely accepted evaluation
metrics, such as precision and the F1 score, were used to assess
the functionality and effectiveness of the selected models,
providing a comprehensive and rigorous approach to this
research.

The results of this study revealed that K-Nearest Neighbors
(KNN) and Classification and Regression Trees (CART), both
rooted in decision tree algorithms, yielded the best predictive
testing accuracies for the classification of ECG signals before
and after music therapy based on stress. Although KNN per-
formed better than CART on the testing set with an accuracy
of 96.9%, both models achieved an accuracy of 90% on the
testing set. This outcome underscores the potential of these
decision tree-based models and emphasizes the effectiveness
of the seven specific features this study identified. These
findings suggest that KNN and CART models, in combination
with the identified features, can be leveraged to produce more
accurate stress detection results in various contexts.

However, there are limitations in this study. One of the
most prominent constraints is the size of the dataset, which
contains only 40 samples and is notably small. This limitation
restricts the amount of data available for model training and
evaluation, potentially impacting the generalization of the
findings. Especially since the data from both of the classes
were highly correlated, there could have been data leakage,
resulting in inflated accuracies. External validation, which is
the assessment of our model’s performance on entirely new,
unseen data, also remains an area of further exploration. More-
over, the diversity of subjects within the dataset is limited,
which may affect the applicability of this study’s results to
broader populations. Lastly, despite the use of cross-validation
to mitigate overfitting, the possibility of overfitting persists,
particularly given the dataset’s size and complexity. These
limitations provide insights into areas where future research
and data collection efforts can enhance the robustness and
applicability of these findings.

There are several promising areas of improvement for
future works and research. First and foremost, expanding the
dataset’s size is imperative, allowing for a more comprehensive
analysis and strengthening the generalizability of this study’s
findings. Increasing the diversity of the dataset by including
a broader range of subjects and scenarios would also enhance
the model’s adaptability to various real-world contexts. An-
other important improvement is the subdivision of stress into
different levels or categories, providing a more nuanced under-
standing of stress responses. Dividing stress into levels allows
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This method was chosen based on insights from existing literature, which highlighted the most 

commonly employed models and techniques for ECG signal analysis. To ensure the robustness 

of this study’s analysis, widely recognized and established methodologies were used to ensure 

the robustness of our analysis. Standard techniques such as Principal Component Analysis (PCA) 

and cross-validation were employed to optimize model performance, enhancing the reliability of 

this study’s findings. Furthermore, widely accepted evaluation metrics, such as precision and the 

F1 score, were used to assess the functionality and effectiveness of the selected models, 

providing a comprehensive and rigorous approach to this research. 

The F1 score is another measure of accuracy [49].

4. Discussion
This study’s method involved several key steps in the data processing and analysis pipeline. Firstly, pre-processing was performed on 
the raw data, which included normalization, down sampling using Fast Fourier Transform (FFT), and band- pass filtering to retain fre-
quency components between 0.05 and 149 Hz. Next, during feature extraction, peaks in the signal were identified using Discrete Wavelet 
Transform (DWT), and Heart Rate Variability (HRV) features were computed using Power Spectral Density (PSD) analysis. For feature 
selection and visualization, boxplots were employed to identify seven features that exhibited significant differences between the before 
music therapy and after music therapy groups. To reduce dimensionality and aid in visualization, we applied Principal Component Anal-
ysis (PCA) and determined that using four components effectively captured the data’s variance. The models’ results obtained with PCA, 
without PCA, and without PCA using the seven specific features were compared to determine the best results.

This method was chosen based on insights from existing literature, which highlighted the most commonly employed models and tech-
niques for ECG signal analysis. To ensure the robustness of this study’s analysis, widely recognized and established methodologies were 
used to ensure the robustness of our analysis. Standard techniques such as Principal Component Analysis (PCA) and cross-validation 
were employed to optimize model performance, enhancing the reliability of this study’s findings. Furthermore, widely accepted evalua-
tion metrics, such as precision and the F1 score, were used to assess the functionality and effectiveness of the selected models, providing 
a comprehensive and rigorous approach to this research.

The results of this study revealed that K-Nearest Neighbors (KNN) and Classification and Regression Trees (CART), both rooted in 
decision tree algorithms, yielded the best predictive testing accuracies for the classification of ECG signals before and after music ther-
apy based on stress. Although KNN per- formed better than CART on the testing set with an accuracy of 96.9%, both models achieved 
an accuracy of 90% on the testing set. This outcome underscores the potential of these decision tree-based models and emphasizes the 
effectiveness of the seven specific features this study identified. These findings suggest that KNN and CART models, in combination 
with the identified features, can be leveraged to produce more accurate stress detection results in various contexts.

However, there are limitations in this study. One of the most prominent constraints is the size of the dataset, which contains only 40 
samples and is notably small. This limitation restricts the amount of data available for model training and evaluation, potentially impact-
ing the generalization of the findings. Especially since the data from both of the classes were highly correlated, there could have been 
data leakage, resulting in inflated accuracies. External validation, which is the assessment of our model’s performance on entirely new, 
unseen data, also remains an area of further exploration. Moreover, the diversity of subjects within the dataset is limited, which may 
affect the applicability of this study’s results to broader populations. Lastly, despite the use of cross-validation to mitigate overfitting, the 
possibility of overfitting persists, particularly given the dataset’s size and complexity. These limitations provide insights into areas where 
future research and data collection efforts can enhance the robustness and applicability of these findings. 
There are several promising areas of improvement for future works and research. First and foremost, expanding the dataset’s size is 
imperative, allowing for a more comprehensive analysis and strengthening the generalizability of this study’s findings. Increasing the 
diversity of the dataset by including a broader range of subjects and scenarios would also enhance the model’s adaptability to various 
real-world contexts. Another important improvement is the subdivision of stress into different levels or categories, providing a more nu-
anced understanding of stress responses. Dividing stress into levels allow for a greater understanding of an individual’s stress response, 
which can be especially useful in healthcare and psychology. The levels would provide a more comprehensive picture of how stress 
affects individuals and the impact music therapy has on people with different levels of initial stress. Moreover, advanced machine learn-
ing techniques, such as deep learning and transfer learning, hold potential for improving predictive accuracy. These techniques identify 
intricate patterns within physiological signals which may be challenging to extract using traditional methods. Such approaches could 
capture nuanced variations in stress responses, leading to more precise predictions. Finally, the development of a real-time monitoring 
system would allow for continuous assessment, increasing the size of the dataset. This system, valuable for both research and practical 
applications, would result in greater accuracy.

5. Conclusion
This study demonstrates a robust methodology for classifying ECG signals based on stress with high accuracy, while also determining 
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pivotal features necessary for this precise classification. The ability to reliably identify physio-psychological states, particularly stress, is 
crucial for healthcare practitioners, therapists, and researchers. It deepens comprehension of stress-related health conditions, facilitating 
early intervention and personalized treatment plans. Additionally, these findings have the potential to make a substantial impact on the 
field of music therapy. By demonstrating the effectiveness of stress identification models, this study provides the foundation for quanti-
fying the influence of music therapy on stress reduction. This, in turn, can guide the development of music therapy precisely tailored to 
individuals’ stress levels. Ultimately, this research contributes to a future where music therapy can be optimized to effectively enhance 
the well-being of a wide range of individuals. 
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