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Background: In recent years, much attention has been paid to the impact of spirituality on people’s 
health. Some signals can alter brain function and affects the autonomic nervous system to reduce 
blood pressure, heart rate, and anxiety levels.

Objectives: This study aimed to investigate the effect of listening to the Holy Quran on the 
electrocardiogram (ECG) and electroencephalogram (EEG) signals of healthy people with the 
fusion technique.
Materials & Methods: Cardiac signal recording and two brain signal channels in the C3 
and C4 areas of 25 female students between 20 and 23 years old were performed in three 
stages: silence, listening to the Holy Quran, and silence again. We used standard comple-
mentary plots, then we matched the circles with different radii (0.1 to 1) on the comple-
mentary diagram and extracted the number of intersection points with the hypothetical 
lines of the complementary plot as a feature. We then examined all possible modes with 
the support vector machine classifier. A new data fusion technique was used to study the 
interactions between the heart and the brain. 
Results: The best accuracy of 98.75% was obtained for a distinction between pre and no-voice 
using the brain signal.

Conclusion: The results of the present study show the effect of listening to the Holy Quran on 
physiological signals with the fusion technique.
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Introduction

hroughout history, people around the 
world have listened to music for a vari-
ety of reasons. They used auditory stimuli 
such as music to change emotions, reduce 
stress, and treat neurological diseases 

such as schizophrenia, autism, and so on [1, 2]. One of 
the points that should be considered in the clinical appli-
cation of auditory stimuli is adapting the type of sound 
to the beliefs and interests of the people. In Islamic coun-
tries, the Holy Quran that Muslims experience a kind 
of pleasure and peace by reading or listening to it, can 
affect the emotional and physiological states of Mus-
lims [3]. Many published articles have pointed out the 
relationship between human emotions and their neuro-
physiological system [4]. It has often been shown that 
the brain is involved in religious experiences. Hearing 
the sound of the Quran increases blood flow to parts of 
the brain [5]. The spectral power of brain waves changes 
depending on the type of musical stimulus [6]. As stated 
in some literature, auditory stimuli with different emo-
tional content affect the central nervous system (CNS), 
peripheral nervous system (PNS), and heart rate (HR) 
patterns [7, 8]. For example, Goshvarpour et al. and Naji 
et al. used electroencephalogram waves to study the ef-
fect of sound on the CNS [9, 2]. In some other articles, 
the effect of auditory stimulation (like the sound of the 
Quran and music) on the PNS was examined utilizing 
heart waves [7, 10]. Therefore, the present study used 
EEG and ECG waves to investigate the beneficial effect 
of Quran sound on humans.

There are many ways to analyze a signal. For exam-
ple, based on the power spectrum, the amplitude of the 
alpha wave rises when reading the Quran more than 
when reading a book [11]. In care applications, time 
analysis methods are used where it is important to per-
form fast processing operations. Frequency analysis 
of biosignals, especially brain signals, is also widely 
used [12-15]. According to Heisenberg's uncertainty 

principle, the accuracy of time and frequency analysis 
cannot be increased simultaneously [16]. Therefore, 
they used the short-time Fourier transform (STFT) in 
research [17]. It has recently been shown that in cases 
where EEG is considered the output of a linear system, 
limited information is obtained from the signal because 
the biological signals are non-stationary, nonlinear, and 
chaotic. So nonlinear techniques in recent years pro-
vide better insight into the signal [18, 19].

Some indicators consider geometric shapes for evalu-
ating time series, such as fractal dimension indices that 
assess the evolutionary properties and relevance of the 
signal's dynamic. Padial et al. used Higuchi fractal di-
mension to analyze brain signals in different emotional 
states. They found that dimensional complexity is higher 
in all emotional states than in the neutral state [20]. In 
another study, Higuchi's fractal dimension (HFD) and 
Katz's fractal dimension (KFD) were used to discrimi-
nate between encephalopathic patients and healthy in-
dividuals. The results showed that HFD had a better 
performance [21]. The researchers also used HFD and 
sample entropy (a measure of time series disorder and 
complexity) to separate healthy and depressed individu-
als. Their results showed the comparable effectiveness of 
both techniques in classifying healthy and sick people. 
In a recent study that used entropy, the researchers re-
ported that the sample entropy increased when hearing 
the sound of the Quran or inducing emotional states [4, 
5, 8]. Entropy obtained from EEG of healthy individu-
als has also been reported to be higher than that of pa-
tients [22, 23]. In recent years, other chaotic processing 
methods, such as the Poincaré section, have been used to 
understand the behavior and dynamics of time series in a 
biological system. The Poincaré section provides a qual-
itative visualization of a time series in two-dimensional 
space. In the article [24], the researchers used the lagged 
Poincaré plot to discriminate EEG emotional states of 
healthy individuals. 

T

Highlights 

● The sound of the Holy Quran creates a significant change in brain and heart signals.

● The maximum accuracy of 98.75% was achieved for C3 signals in discriminating baseline and with-voice classes.

● The lowest recognition rates were perceived by utilizing electrocardiogram (ECG) signals alone.

● Generally, the results of fusion frameworks outperformed the signal-based approaches.
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Some scientists have studied biological signals sepa-
rately. Since emotional stimulation causes physiologi-
cal stimulation in the heart, brain, or body vital signs, 
considering the interaction between these signals or 
their characteristics can provide valuable information 
for recognizing emotions. In information processing, 
sometimes it is necessary to combine information from 
different data sources to improve the results and the sys-
tem performance, which is called the fusion technique 
[25]. However, few studies have used fusion techniques. 
Different fusion methods introduced in previous articles 
are used depending on the type of application. Fusion is 
usually examined at three levels: data, feature, and deci-
sion [26, 27]. In one article [15], for fusion, Bayesian-
based theory has been used to combine the decision-
making of heart rate variability (HRV) and pulse rate 
variability signal classifiers. Koelstra et al. used fusion 
at the feature and decision level to examine the effect 
of individuals' emotional states [28]. Also, the results of 
another article [7] show that by applying feature fusion, 
the classification accuracy increases to 100%. Finally, in 
other studies that have used the fusion, the percentage of 
classification accuracy increased.

The upper level of the cerebral cortex is constantly 
interacting with the visceral organs by transmitting in-
formation. Additionally, cortical and subcortical brain 
networks regulate autonomic activities. The brain con-
tinuously sends commands to internal parts such as the 
heart. On the other hand, heart activity is embedded in 
the upper cortical level functions, which can be found 
in emotions, cognition, and sensory-motor meanings. 
In this study, we assumed that the evaluation of each 
parameter separately does not provide enough informa-

tion about our body conditions, and we intended to use 
a combination of their information. On the other hand, 
the interaction between the brain and heart is affected by 
various factors such as stress, fear, and the like. To regu-
late or achieve the desired physical and mental states, 
such as relaxation, sound, and music stimulations have 
been used frequently. Our goal was to evaluate the ef-
fect of listening to the Holy Quran verses on the perfor-
mance of these parameters. 

In the present study, the advantage of combining the 
features extracted from the complementary plot of heart 
and brain signals when hearing the sound of the Holy 
Quran has been proposed for the first time.

Materials and Methods

First, EEG and ECG signals were recorded simulta-
neously in three different stages to study the effect of 
listening to the Quran. To investigate the impact of in-
teractive variation, we used the fusion technique at the 
feature level, and the effectiveness of this technique was 
determined by applying classification in two stages. 
Therefore, after constructing the signal’s standard com-
plementary plot, the number of the cut-off points with 
circular sections is obtained, and some features were 
extracted from them. The classification of all possible 
states of brain and heart signals was done in three dif-
ferent stages. In the second part, after the fusion of the 
features extracted from the heart and brain signals, the 
classification was done. The study steps are shown in 
Figure 1 and Figure 2.

Figure 1. Outline of the proposed methodology
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Figure 2. Feature level fusion approach

Data collection

Study participants

EEG and ECG signals were recorded from participants 
while lying on the bed in a supine position and closing 
their eyes. The recording process consists of three stages 
lasting five minutes. The first (Baseline [B]) and third 
(with no voice [WNV]) stages are performed in silence. In 
contrast, in the second stage (with voice [WV]) while the 
sound of the Quran is played by headphones. The initial 
subjects included 30 female students aged between 20 and 
23 years. Owing to excessive artifacts and signal changes 
of the sudden movement of the participants, five samples 
were excluded from this study. The final number of sub-
jects was 25 samples. All participants were healthy, and 
no one reported specific illnesses such as heart disease, 
high blood pressure, and epilepsy. Before starting work, 
the test was explained to them, and they were requested 
to sign the consent form. Then, the signal was recorded.

Auditory stimuli

The sound of the Quran’s reciting was played to the par-
ticipants by an experienced reciter in the experiment’s sec-
ond phase. In this study, verses 20 to 35 of Surah Ra’d from 
the Quran have been selected by a religious expert. The 
content of these verses refers to God’s monotheism and the 
Quran’s legitimacy. In verse 28, it is stated that the peace 
of the human heart depends on the remembrance of God.

Data recording

Biosignals were acquired using the FlexComp Infiniti 
device. The sampling rate was 2048 Hz, and its resolu-

tion was 14 bits. This device had a hardware notch fil-
ter with a cut-off frequency of 60 Hz. The EEG signals 
were recorded according to the 10-20 international sys-
tem from the two regions of C3 and C4. Electrodes A1 
and A2 (on ears) were selected as the reference. In all 
stages of the test, the impedance of the electrodes was 
less than 5 kΩ. Also, three electrodes were used to record 
ECG signals on the chest. The participant was asked to 
lift their shirt and place the yellow electrode below the 
ribs on the right and the blue electrode at the same level 
on the left. The black electrode can go anywhere, but 
a good location is the upper sternum area. In the pre-
processing stage, no digital filter was applied to remove 
possible artifacts. Only in this section, the first two min-
utes of the time series without artifacts and noise were 
selected. Then, we partitioned the EEG signals into seg-
ments of 10 s without overlap (the smallest frequency of 
EEG signals was 0.1 Hz) [29]. The signal recording was 
performed in the Physiology Laboratory of Imam Reza 
International University (Mashhad City, Iran).

Feature extraction

In this research, we used a new method of nonlinear 
analysis based on phase space reconstruction to extract 
features, which is explained in the following sections.

Standard complementary plot

In the first step, we represent the time series in a suitable 
space. For this reason, we use a complementary plot that 
eliminates the effect of point amplitude and pays attention 
to its phase. To this end, we first normalized each segment 
(10 seconds of the time series) between -1 and 1. Then, 
we quantize the normalized processes to N levels. Finally, 
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to construct the complement plot, we calculate the sine 
and cosine of each part of the quantized surface, and we 
connect the points with a hypothetical line. According to 
the research of Karimi et al. [29], by considering N=100, 
mandala-like patterns are created. Each part of the quan-
tized surfaces is obtained by Equation 1 [29] 

1.
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Figure 3 shows the complementary plot of a segment of the brain and heart signal of a healthy 
person when hearing the sound of the Quran. You can see mandala-like patterns or concentric 
rings in the image [16،29]. 
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obtained for different radii. 
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Figure 3 shows the complementary plot of a segment of 
the brain and heart signal of a healthy person when hearing 
the sound of the Quran. You can see mandala-like patterns or 
concentric rings in the image [16،we propose a feature extrac-
tion method based on discrete wavelet transform (DWT29].

Circular cross-section

Then, to extract the feature, we match a circle with radius r 
(r=0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1) on the standard 
complement plot and the vector of the number of points of 
intersection of the hypothetical lines of mandala patterns 
with a circular cross-section is obtained for different radii.

Fusion

A fusion technique that improves system performance 
has been used in this research. Fusion at the data level 

is performed on raw data, which is performed immedi-
ately after data collection from the sensor. If the input 
is a feature and the output is a feature, this process is 
called feature fusion or information fusion. And fusion 
at the decision level is obtained by combining the results 
of the decision of each data source. Feature fusion was 
obtained by combining the feature vectors of brain and 
heart signals, and the unit feature vector was given to the 

Classifier's input. To this effect, standard complementary 
plots of both brain and heart signals are drawn in one plot, 
and the sum of the intersection points of a circular section 
with radius r was calculated with the hypothetical lines of 
the standard complementary plots of brain and heart sig-
nals. Finally, the fused feature vector was obtained.

Classification

Our suggestion for classification is the support vector 
machine classifier. It is a supervised classification that 
distinguishes between two classes by an optimal hyper-
plane with a maximum margin. SVM is one of the most 
commonly used classifiers in pattern recognition, bio-
medical studies, and neuroscience. In this work, the ra-
dial basis function (RBF) kernel has been used in SVM. 
In this research, we classify each pair of three signal re-
cording modes, including B, WV, and WNV. Also, after 
applying the fusion, we gave the fused feature vector to 
the input of the SVM classifier and compared the results 
of the fusion classification with the previous step. The 
classifier’s performance was evaluated based on the cal-
culation of sensitivity, specificity, and accuracy.

Figure 3. Complement plot and circular cross-section with radius 0.4, one segment from EEG (right plot) - one segment from ECG (left plot)
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Results

In this step, after preprocessing the data and drawing 
the complementary plot, circles with different radii were 
drawn on the complementary plot, and the number of in-
tersection points of the circle with the hypothetical lines 
was classified as feature vectors. We had three steps of 
signal recording using the SVM classifier, which was 
classified between two classes, and 9 different modes 
were created (Table 1).

The classification results of the different stages are 
reported below (Table 2). To evaluate the classification 
performance by considering the feature fusion, the sum 
of the intersection points obtained from the circular in-
tersection with radius r with a complement plot of heart 
and brain signals was stored in a feature vector and was 
given to the input of the SVM classifier. The classifica-
tion results of the feature fusion are reported in Table 3.

According to the results (Tables 2 and 3), a maximum 
accuracy of 98.75% was achieved for C3 signals in B 
and WV classes. In addition, the best classification rate 
of 93.74% was obtained for C4 in the B and WNV class-
es. Also, the highest accuracy rate for ECG was 89.15% 
in B and WNV classes. Applying the proposed feature 
fusion methodology, the performances of the classifiers 
were improved significantly compared with considering 
each signal separately. The maximum state classification 
of 97.49% is attained feature fusion technique for C3 and 
ECG in B and WV classes. Regarding this technique, 
the highest classification accuracy was reached for the 
combination of C4 and ECG at 94.99% in B and WNV. 
Totally the lowest recognition rates were perceived by 
ECG signals separately. However, the lowest average ac-
curacy value for ECG was 72.24% in B and WV classes, 
which increased to more than 90% when combined with 
any of the brain signals. 

The specificity criterion, one of the evaluation criteria 
of the classifier, pays attention only to the true negative 
(TN). An ideal test has 100% specificity. Based on the 
specificity criterion, we conclude that the maximum av-

erage specificity is Mean±SD 94.32±1.97 for C3 in B 
and WV classes. The average specificity criterion for 
ECG was lower than that of EEG, which was improved 
by applying the fusion technique.

The sensitivity criterion, one of the evaluation criteria 
of the classifier, pays attention only to the true positive 
(TP). An ideal test has 100% sensitivity. Based on the 
sensitivity criterion, we conclude that the maximum av-
erage sensitivity WITH Mean±SD 2.06±2.26 for C3 in 
B and WV classes. The average sensitivity criterion for 
ECG was lower than that of EEG, which was improved 
by applying the fusion technique.

All the results reported above were the mean of the 
classification results in circles with radii of 0.1 to 1. If 
we look at it on a case-by-case basis, we will see that 
the best classification result is for C3 in the B and WV 
classes because by considering the intersection of com-
plementary plots with circles with a radius of 0.2 to 1, 
the values of accuracy, specificity, and sensitivity were 
reported 100%. Finally, in all cases, the higher classi-
fication rates are identified by utilizing feature fusion. 
Generally, the results of fusion frameworks outperform 
the single signal-based approaches.

Discussion

In recent years, spirituality has played an influential 
role in human health. However, few studies have been 
done on the physiological effects of listening to the 
Quran. Some researchers have challenged this topic by 
employing different physiological signals, such as EEG 
and various methods. They usually examined brain sig-
nals isolated [5] or used one or more biosignals sepa-
rately to assess unalike emotional states, even though 
there is an interaction between physiological systems 
[20]. Therefore, investigating fusion approaches by dif-
ferent physiological signals shows the interactive varia-
tion while improving the classifier’s performance. 
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Table 1. Classification modes in SVM Classifier

Signals Modes

C3 B & WV B & WNV WV & WNV

C4 B & WV B & WNV WV & WNV

ECG B & WV B & WNV WV & WNV
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Table 2. Classification results (accuracy, specificity, and sensitivity) between three recording modes of heart and brain signals

B-C3 & WV-C3 

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 72.3±7.2 87.5 80±6.7 91.6 64.6±11.8 91.6

R=0.2 96.75±1.74 100 93.5±3.4 100 100±0 100

R=0.3 100±0 100 100±0 100 100±0 100

R=0.4 100±0 100 100±0 100 100±0 100

R=0.5 92.66±2.6 100 92.83±2.9 100 92.5±2.5 100

R=0.6 92.5±2.52 100 92.5±2.52 100 92.5±2.52 100

R=0.7 100±0 100 100±0 100 100±0 100

R=0.8 96±0.82 100 100±0 100 92±1.64 100

R=0.9 92.16±1.9 100 92.16±1.9 100 92.16±1.9 100

R=1 92.3±2.28 100 92.3±2.28 100 92.3±2.28 100

Mean 93.467±1.906 98.75 94.329±1.97 99.16 92.606±2.264 99.16

B-C4 & WV-C4

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 58.5±4.03 66.6 57.6±7.11 66.6 59.3±2.73 66.6

R=0.2 52.6±4.5 62.5 43.8±6.2 58.3 61.5±6.4 66.6

R=0.3 99.93±0.82 100 100±0 100 99.6±1.64 100

R=0.4 100±0 100 100±0 100 100±0 100

R=0.5 99.41±1.68 100 100±0 100 98.83±3.37 100

R=0.6 95.33±2.87 100 99±2.73 100 91.66±5.05 100

R=0.7 99.33±1.54 100 100±0 100 98.66±2.52 100

R=0.8 99.5±1.26 100 100±0 100 99.16±2.52 100

R=0.9 98.16±2.93 100 99.83±1.17 100 96.5±5.6 100

R=1 99.25±1.82 100 100±0 100 98.5±3.64 100

Mean 90.201±2.145 92.91 90.023±1.721 92.49 90.371±3.403 93.32

B-ECG & WV-ECG 

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 76.41±3.21 83.33 74.16±4.2 83.33 78.66±5.36 83.33

R=0.2 69.33±4.35 79.16 66.16±6.16 83.33 72.5±5.12 83.33

R=0.3 78.16±4.08 83.33 73.3±4.5 83.3 83±2.89 91.6

R=0.4 72.16±5.15 79.16 68.16±83.3 83.3 76.16±6.07 83.3

R=0.5 72.41±4.36 79.16 69.6±69.6 69.6 75.16±6.18 83.3

R=0.6 100±0 100 100±0 100 100±0 100

R=0.7 95.83± 95.83 91.66±1.43 91.66 100±0 100

R=0.8 64.6±4.84 91.66 59.3±3.21 66.66 70±7.14 91.6

R=0.9 64.91±4.84 75 66.5±5.95 75 63.3±6.94 75

R=1 28.66±6.76 50 31.3±11.48 58.33 26±6.44 41.66

Mean 72.247±3.662 81.663 70.014±5.401 79.451 74.478±4.614 83.312
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 B-C3 & WNV-C3

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 41.08±6.52 54.16 36.6±8.54 50 45.5±8.45 66.66

R=0.2 96.83±1.79 100 93.66±3.59 100 100±0 100

R=0.3 100±0 100 100±0 100 100±0 100

R=0.4 100±0 100 100±0 100 100±0 100

R=0.5 92.58±2.56 100 92.5±2.52 100 92.66±2.73 100

R=0.6 92±1.14 95.83 91.66±1.43 91.66 92.33±2.28 100

R=0.7 92.08±1.26 95.83 91.66±1.43 91.66 92.5±2.52 100

R=0.8 93±3.08 100 93±3.08 100 93±3.08 100

R=0.9 92±1.41 100 91.83±1.17 100 92.16±1.99 100

R=1 93±3.08 100 93±3.08 100 93±3.08 100

Mean 89.257±2.084 94.582 88.391±2.484 93.332 90.115±2.413 96.666

B-C4 & WNV-C4

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 66.08±4.61 75 66.5±4.28 75 65.66±7.26 83.3

R=0.2 62.41±4.61 75 65.5±2.92 66.66 59.3±9 83.3

R=0.3 98.25±2.07 100 100±0 100 96.5±4.15 100

R=0.4 96.25±1.26 100 100±0 100 92.5±2.52 100

R=0.5 95.83±0 95.83 100±0 100 91.66±1.4 91.66

R=0.6 92.25±1.46 95.83 100 100 84.5±2.92 91.66

R=0.7 95.91±1.46 100 100 100 91.83±1.17 100

R=0.8 96.16±1.14 100 100 100 92.3±2.28 100

R=0.9 95.75±0.58 95.83 100 100 91.5±1.17 91.66

R=1 98.83±1.88 100 100 100 97.66±3.77 100

Mean 89.772±1.837 93.749 93.2±0.72 94.166 86.341±3.564 94.158

B-ECG & WNV-ECG

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 78.25±1.93 83.3 80.16±4.08 83.3 76.33±3.08 83.3

R=0.2 77.75±3.72 83.3 78.5±5.34 83.3 77±4.92 83.3

R=0.3 69.83±4.57 79.16 76±6.44 91.66 63.66±6.24 75

R=0.4 72±4.29 83.3 77.33±7.53 91.66 66.66±2.91 75

R=0.5 76.58±3.02 87.5 77±4.31 91.66 76.16±2.92 83.33

R=0.6 100±0 100 100±0 100 100±0 100

R=0.7 73.33±5.12 87.5 75.83±6.12 91.66 70.83±6.57 83.33

R=0.8 100±0 100 100±0 100 100±0 100

R=0.9 80.58±2.32 87.5 85.33±3.59 91.66 75.83±2.52 83.33

R=1 100±0 100 100±0 100 100±0 100

Mean 82.832±2.497 89.156 85.015±3.741 92.49 80.647±2.916 86.659
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WV-C3 & WNV-C3

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 56.83±7.42 70.83 39.33±9.67 58.33 74.33±9.5 91.66

R=0.2 74.66±5.17 83.33 72.83±7.49 91.66 76.5±5.5 83.33

R=0.3 95.75±0.58 95.83 91.66±1.43E-14 91.66 99.83±1.17 100

R=0.4 94±2.08 95.83 91.66±1.43E-14 91.66 96.33±4.17 100

R=0.5 92.16±1.81 100 91.83±1.17 100 92.5±3.03 100

R=0.6 89.75±2.55 95.83 91.33±1.64 91.66 88.16±4.78 100

R=0.7 92.16±1.99 100 92.16±1.99 100 92.16±1.99 100

R=0.8 92.08±1.26 95.83 91.6±1.43E-14 91.66 92.5±2.52 100

R=0.9 92.16±1.36 95.83 91.66±1.43E-14 91.66 92.66±2.73 100

R=1 92.25±1.46 95.83 91.66±1.43E-14 91.66 92.83±2.92 100

Mean 87.18±2.568 92.914 84.572±2.196 89.995 89.78±3.831 97.499

WV-C4 & WNV-C4

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 53.5±4.56 62.5 53.5±5.6 66.66 53.5±7.35 66.66

R=0.2 49.83±4.9 58.33 56.66±5.58 66.66 43±7.01 58.33

R=0.3 96.58±2 100 99.66±1.64 100 93.5±3.48 100

R=0.4 99.75±0.9 100 100±0 100 99.5±1.99 100

R=0.5 91.83±2.78 100 92±2.89 100 91.66±3.36 100

R=0.6 90.5±3.76 95.83 90.83±5.64 100 90.16±4.35 100

R=0.7 95±2.52 100 91.83±4.22 100 91.83±2.65 100

R=0.8 99.3±1.54 100 100±0 100 98.66±3.08 100

R=0.9 93.16±3 100 93.5±3.48 100 92.83±2.92 100

R=1 93±3.08 100 93±3.08 100 93±3.08 100

Mean 86.245±2.904 91.666 87.098±3.213 93.332 84.764±3.927 92.499

WV-ECG & WNV-ECG

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 66.16±4.26 75 72.5±7.19 83.3 59.8±4.01 66.66

R=0.2 54.16±5.83 66.66 59.5±10.37 83.3 48.83±3.76 58.3

R=0.3 57.58±4.66 66.66 63.5±7.69 75 51.66±4.12 58.33

R=0.4 71.83±4.72 79.16 84.16±3.85 91.66 59.5±8.07 75

R=0.5 51.33±4.24 62.5 55.5±6.65 75 47.16±8.07 58.33

R=0.6 68±4.79 75 83.16±7.8 100 52.83±5.48 58.33

R=0.7 92±1.14 95.83 92.33±2.28 100 91.66±1.43E-14 91.66

R=0.8 100±0 100 100±0 100 100±0 100

R=0.9 66.66±3.26 75 82±5.41 91.66 51.33±3.89 66.66

R=1 100±0 100 100±0 100 100±0 100

Mean 72.772±3.29 79.581 79.265±5.124 89.992 66.277±3.454 73.327
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Table 3. Classification results from feature fusion (accuracy, specificity, and sensitivity) for heart and brain signals in a two-by-
two comparison of different modes

B(C3+ECG) & WV (C3+ECG)

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 67.66±4.57 79.16 77.83±5.43 83.33 57.5±7.38 75

R=0.2 92.58±1.74 95.83 91.66±1.43E-14 91.66 93.5±3.58 100

R=0.3 99.83±0.82 100 100±0 100 99.66±1.64 100

R=0.4 99.75±0.99 100 100±0 100 99.5±1.99 100

R=0.5 92.5±2.52 100 92.5±2.52 100 92.5±2.52 100

R=0.6 96±1.17 100 99.83±1.17 100 92.16±1.99 100

R=0.7 99.91±0.58 100 99.83±1.17 100 100±0 100

R=0.8 96±0.82 100 100±0 100 92±1.64 100

R=0.9 92.5±2.52 100 92.5±4.19 100 92.5±2.52 100

R=1 93.91±2.68 100 95.5±1.7 100 92.33±2.28 100

Mean 93.064±1.841 97.499 94.965± 97.499 91.165±2.544 97.5

B(C3+ECG) & WNV(C3+ECG)

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 67.66±4.57 79.16 77.83±5.43 83.33 57.5±7.38 75

R=0.2 92±1.14 95.83 91.66±1.43E-14 91.66 92.33±2.28 100

R=0.3 100±0 100 100±0 100 100±0 100

R=0.4 100±0 100 100±0 100 100±0 100

R=0.5 91.66±1.43E-14 91.66 91.66±1.43E-14 91.66 91.66±1.43E-14 91.611

R=0.6 92.41±2.33 100 92.33±2.28 100 92.5±2.52 100

R=0.7 92.33±1.75 100 91.83±1.17 100 92.83±2.92 100

R=0.8 95.91±0.58 100 91.83±1.17 100 100±0 100

R=0.9 92.33±1.54 95.83 91.66±1.43E-14 91.66 93±3.08 100

R=1 100±0 100 100±0 100 100±0 100

Mean 92.164±1.217 95.832 91.78±1.032 95.831 92.548±1.871 97.4941
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WV(C3+ECG) & WNV (C3+ECG)

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 67.66±4.57 79.16 77.83±5.43 83.33 57.5±7.38 75

R=0.2 71.08±3.7 79.16 61.33±4.93 91.66 80.83±5.12 91.66

R=0.3 92.5±1.74 95.83 91.66±1.43E-14 91.66 93.5±3.48 100

R=0.4 92±1.14 95.83 91.66±1.43E-14 91.66 92.33±2.28 100

R=0.5 92.08±1.26 95.83 91.66±1.43E-14 91.66 92.5±2.52 100

R=0.6 89.16±2.66 95.83 90.33±3.08 91.66 88±4.8 100

R=0.7 92.83±2.92 100 92.83±2.92 100 92.83±2.92 100

R=0.8 95.83±0 95.83 91.66±1.43E-14 91.66 100±0 100

R=0.9 92.33±1.94 100 91.83±1.17 100 92.83±3.37 100

R=1 100±0 100 100±0 100 100±0 100

Mean 88.389±2.235 94.164 85.929±2.14 92.496 90.865±3.225 98.332

B(C4+ECG) & WV(C4+ECG)

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 67.66±4.57 79.16 77.83±5.43 83.33 57.5±7.38 75

R=0.2 51.66±6.12 66.66 46.16±8.45 75 57.16±8.41 75

R=0.3 100±0 100 100±0 100 100±0 100

R=0.4 100±0 100 100±0 100 100±0 100

R=0.5 96.16±1.85 100 100±0 100 92.33±3.7 100

R=0.6 99.75±0.99 100 99.5±1.99 100 100±0 100

R=0.7 99.91±0.58 100 100±0 100 99.83±1.17 100

R=0.8 99.58±1.26 100 99.83±1.17 100 99.33±2.28 100

R=0.9 96.75±3.39 100 99.16±2.52 100 94.33±6.39 100

R=1 97.33±2.34 100 100±0 100 94.66±4.68 100

Mean 90.005±2.038 93.332 91.198±2.181 95.833 88.814±2.862 93.333
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B (C4+ECG) & WNV (C4+ECG)

Radius
Accuracy Specificity Sensitivity

Mean±SD Max Mean±SD Max Mean±SD Max

R=0.1 67.66±4.57 79.16 77.83±5.43 83.33 57.5±7.38 75

R=0.2 71.08±5 79.16 71±6.57 83.3 71.16±7.18 83.33

R=0.3 97.5±2.06 100 100±0 100 95±4.12 100

R=0.4 96.66±1.68 100 100±0 100 93.33±3.36 100

R=0.5 95.66±0.82 95.83 100±0 100 91.33±1.64 91.66

R=0.6 100±0 100 100±0 100 100±0 100

R=0.7 95.5±1.14 95.83 100±0 100 91±2.28 91.66

R=0.8 100±0 100 100±0 100 100±0 100

R=0.9 93.33±2.06 95.83 100±0 100 86.66±4.1 91.66

R=1 100±0 100 100±0 100 100±0 100

Mean 92.798±1.594 94.998 94.5±1.09 96.663 91.098±2.69 94.997

Radius

WV (C4+ECG) & WNV (C4+ECG)

  Specificity  Sensitivity

Mean±SD Max Mean Max Mean Max

R=0.1 56.08±4.7 66.66 56.3±5.2 66.6 55.83±7.38 75

R=0.2 53.91±4.71 62.5 53.16±4.08 58.33 54.6±8.1 75

R=0.3 98.16±2.25 100 99.16±2.52 100 97.16±3.98 100

R=0.4 97.25±2.6 100 98.663.08 100 95.83±4.2 100

R=0.5 9.25±2.79 100 92.33±2.83 100 92.16±3.1 100

R=0.6 87.75±3.61 95.83 86±3.92 91.66 89.5±4.7 100

R=0.7 86.25±4.39 95.83 87.66±6.12 100 84.83±4.01 91.66

R=0.8 100±0 100 100±0 100 100±0 100

R=0.9 91.91±1.3 95.83 92.5±2.52 100 91.33±1.64 91.66

R=1 100±0 100 100±0 100 100±0 100

Mean 86.381±2.635 91.665 86.577±3.027 91.659 86.124±3.711 93.332
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This paper presented the effect of listening to the Holy 
Quran on the brain and heart signals simultaneously by 
examining different modes of signal recording and us-
ing a new feature fusion approach based on the phase 
space of the heart and brain signals. SVM has shown 
that the fusion method outperformed the EEG or ECG 
signals separately. Maximum accuracy of 98.75% was 
achieved by C3 for separating B and WV classes. The 
highest accuracy for ECG was 89.15% for discerning 
classes B and WNV. In general, the lowest classifica-
tion was perceived by ECG signals separately. Using the 
proposed feature combination method, the performance 
of the classifiers was significantly improved compared 
to considering each signal alone. The maximum rate 
of 97.49% was obtained by fusing the C3 and ECG for 
discriminating between classes B and WV. Previously, 
the accuracy of the proposed system for listening to the 
Quran with a heart signal was 91.6% [30]. Goshvarpour 
et al. reported that the highest accuracy rate for detecting 
emotions caused by the sound of music was 81.82% for 
the GSR signal [25] a novel fusion framework based on 
wavelet transform (WT. Soroush et al. obtained 82% ac-
curacy in classifying emotions through the phase space 
of the brain signal [19]. The fusion technique has been 
commonly used to improve system performance. In an-
other paper, Goshvarpour et al., who combined HRV 
and variability PRV signals to detect emotions with the 
Poincaré plot method, reported 79.68% accuracy for 
feature-level fusion and 82.9% for decision-level fusion 
[15]. In another article [4] an approach is proposed for 
recognizing music-induced emotions through the fusion 
of three-channel forehead biosignals (the left temporalis, 
frontalis, and right temporalis channels, forehead biosig-
nals and electrocardiograms were applied to detect emo-
tions. The researchers used feature-level fusion, which 
resulted in 88.78% accuracy.

Conclusions

In this research, we investigated the effect of listen-
ing to the Holy Quran on the heart and brain signals of 
healthy participants. To this effect, we used a new ap-
proach to integrate the phase space of brain and heart 
signals. Moreover, by creating innovation in the way of 
data collection, including the simultaneous recording of 
heart and brain signals and investigating the innovative 
fusion technique, we took a step toward future research 
progress. The results showed a significant change in 
the brain signals of people while listening to the Quran 
(WV) compared to the state of silence (B) (maximum 
accuracy was 98.75% for C3). The highest difference 
was between the B state and the WNV state. Also, there 

was the least difference between WV and WNV, which 
shows that the effect of the sound of the Quran remains 
for a few moments after listening. The fusion technique 
has been effective in processing information and im-
proving system performance. Our results, compared to 
other studies, confirmed the effectiveness of the fusion 
technique of physiological signals when listening to the 
Holy Quran. 
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