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Music tempo modulates emotional
states as revealed through EEG
insights

Zengyao Yang?, Qiruo Su*, Jieren Xiel, Hechong Su*, Tianrun Huang*, Chengcheng Han?,
Sicong Zhang?, Kai Zhang® & Guanghua Xu%23*

Music can effectively influence human emotions, with different melodies and rhythms eliciting
varying emotional responses. Among these, tempo is one of the most important parameters

affecting emotions. This study explores the impact of music tempo on emotional states and the
associated brain functional networks. A total of 26 participants without any history of neurological

or psychiatric disorders and music training took part in the experiment, using classical piano music
clips at different tempi (56, 106, 156 bpm) as stimuli. The study was conducted using emotional scales
and electroencephalogram (EEG) analysis. The results showed that the valence level of emotions
significantly increased with music tempo, while the arousal level exhibited a “V” shape relationship.
EEG analysis revealed significant changes in brainwave signals across different frequency bands under
different tempi. For instance, slow tempo induced higher Theta and Alpha power in the frontal region,
while fast tempo increased Beta and Gamma band power. Moreover, fast tempo enhanced the average
connectivity strength in the frontal, temporal, and occipital regions, and increased phase synchrony
value (PLV) between the frontal and parietal regions. However, slow tempo improves PLV between
the occipital and parietal regions. The findings of this study elucidate the effects of music tempo on
the brain functional networks related to emotion regulation, providing a theoretical basis for music-
assisted diagnosis and treatment of mood disorders. Furthermore, these results suggest potential
applications in emotion robotics, emotion-based human-computer interaction, and emotion-based
intelligent control.
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Music, as a complex auditory stimulus, significantly affects the emotional and cognitive functions of the brain-2.
Music is closely related to human emotions, with various melodies and rhythms eliciting different emotional
experiences. For example, some music evokes happiness®?, while other pieces may evoke sadness>®. Music pieces
may also provoke anxiety’, while others may help alleviate it®-!°. Music reaches the body through auditory
channels, producing subtle and harmonious vibrations that increase the excitability of neurons in the cerebral
cortex, thus enhancing emotional experiences. By manipulating different acoustic parameters in music, such as
tempo, loudness, pitch, key, melody, rhythm, harmony, etc., it is possible to convey the rhythmic character of the
emotional message. Among these, however, tempo is one of the most important factors due to its potential to
induce effective emotional responses™!!~14,

Research has shown that the tempo of music can significantly affect human emotions. Fast-tempo music is
commonly associated with excitement, liveliness, happiness, joy, and pleasure, while slow-tempo music is often
linked to calmness, dignity, sadness, tenderness, boredom, and disgust'®. For example, Vieillard et al. found that
fast-tempo music can evoke positive emotions. In contrast, slow tempo is generally thought to express negative
emotions!®. Trochidis et al. investigated the effects of three melodies (major, minor, and bass) and three tempi
(slow, medium, and fast) on mood scores and EEG responses. It was found that tempo moderated emotional
valence and arousal levels. Fast tempo is strongly associated with angry and happy emotions. Meanwhile,
slow tempo triggered stronger feelings of sadness and calmness!”. On top of that, evidence suggests that when
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evaluating the valence of musical stimuli, tempo can be influential enough to overshadow mode, particularly
among non-musicians's.

In examining the therapeutic effects of music, Mofredj et al. emphasized the importance of tempo, as its
modulatory impact on the nervous system is considered central to these effects!®. Music tempo can structure
behavior by influencing mood and altering physiological functions such as heart rate, muscle tone, blood
pressure, and respiration?>?!, influencing the neural modulation of both physiological and psychological
responses. Soft, slow, non-lyrical music with harmonies and a lack of percussion can significantly reduce systolic
blood pressure, heart rate, respiratory rate, and oxygen saturation®>?2. Additionally, Morreale et al. demonstrated
that increased tempo results in higher arousal levels'®. Conversely, Krabs et al. (2015) found that tempo alone did
not affect physiological parameters when stimuli matched subjectively experienced arousal??, suggesting that the
therapeutic effects attributed to tempo may derive from different arousal experiences.

Music regulates emotions by influencing neuronal activity in the brain?*: Music with a specific rhythm
causes activation or inhibition of neurons in different brain regions, and the changes in a person’s emotional
state can lead to corresponding changes in the frequency components of brainwaves, which are reflected in the
electroencephalography (EEG). It has been demonstrated that music can evoke changes in the activity of core
brain regions that underlie emotion, including the superficial and laterobasal nuclei groups of the amygdala, the
hippocampal formation, the right ventral striatum (including the nucleus accumbens) extending into the ventral
pallidum, the head of the left caudate nucleus, the auditory cortex, the pre-supplementary motor area (SMA),
the cingulate cortex and the orbitofrontal cortex?>2. On the contrary, the pleasure one feels cannot be separated
from the activity of the basal nucleus and lentiform nucleus”. However, emotional activity is not a single brain
activity behavior; it is often accompanied by other cognitive activities such as attention, memory, and high-level
language processing. Previous studies have focused on the effects of musical tempo on individuals’ emotional
experiences as well as psychological and physiological activities. However, there has been a lack of exploration
integrating subjective emotional experiences with objective neural brain network activities related to emotions.
Additionally, studies on the relationship between musical tempo and emotional processing have been insufficient,
and the functional connectivity of brain network structures involved in emotion regulation remains unclear.

In this paper, we focus on exploring the effects of tempo on brain activities in different emotional states. We
use musical clips with varying tempi as stimuli to evoke emotions. We employ power spectral density analysis
to examine the distribution of EEG signal frequencies, providing insights into predominant brainwave rhythms
associated with specific emotions. Discrete entropy is used to assess the complexity and variability of brain
activity, indicating how predictable or chaotic these signals are during different emotional states. Furthermore,
we analyze brain functional networks using Covariance (COV) and Phase Locking Value (PLV) to explore
connectivity patterns among different brain regions, providing insight into how musical tempo influences neural
communication.

By integrating these analytical techniques, this study helps to elucidate the intricate dynamics between
tempo, emotional processing, and brain activity. It offers a new perspective for emotion research—regulating
emotions by manipulating tempo—which can be used for the diagnosis and treatment of emotional disorders,
offering strong evidence for the psychological health benefits of music. Furthermore, it has potential applications
in emotional robots, affective human-computer interaction, and emotion-based intelligent control.

Materials and methods

Participants

A total of 26 participants (13 females, mean age=23.2 years, ranging from 17 to 38 years; right-handed; all
native Chinese) were involved in the study. None of the participants have reported a history of neurological
or psychiatric disorders, and none had received musical training. All of the participants should not experience
extreme negative or positive emotions during the week prior to the experiment and must avoid intense emotional
activities (such as arguments or strenuous exercise) in the 24 h before the experiment. Participants were de-
identified and indexed as SO0 ~ S26. This study has been approved by the Biomedical Ethics Committee of Xian
Jiaotong University (No. 2023-1552), and informed consent was obtained from all participants. Additionally, we
confirm that all methods in this study were conducted in accordance with the relevant guidelines and regulations.

Stimuli and experimental conditions

This study uses high-quality pure music in WAV format as the EEG stimulation material. Considering that
participants must easily perceive the tempo of the music, the selected musical stimuli must meet the following
conditions: a clear, unsyncopated beat, constant tempo, few harmonic or melodic changes, and low familiarityzg.
Based on these criteria, we selected “Sonata for 2 Pianos in D major, K.448/375a” by Wolfgang Amadeus Mozart
as the stimulus material. Considering the audibility of the music segments, we chose a complete measure of the
climax part of this piece as the stimulation unit (referred to as Classical Piano). Figure 1 shows the preparation
process of the stimulus. The original tempo of Classical Piano is 126 bpm (a). Using professional audio software
Adobe Audition, the two units were adjusted to 56 bpm (slow tempo), 106 bpm (medium tempo), and 156 bpm
(fast tempo), respectively. Each of the three different tempo units was looped 6 times to arrange into three new
musical stimuli (c).

Based on the strict selection and processing of the musical stimuli materials mentioned above, we need a
suitable theoretical model and assessment method to measure the impact of these stimuli on the participants’
emotions. Mehrabian proposed the PAD emotional model in 1974, which posits that emotions have three
dimensions: valence, arousal, and dominance?*. P stands for valence (Pleasure-Displeasure), indicating the
positive or negative nature of an individual's emotional state; A represents arousal (Arousal-Nonarousal),
reflecting the level of neurophysiological activation of an individual; and D stands for dominance (Dominance-
Submissiveness), representing the level of control an individual has over situations and others. This experiment
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Fig. 1. The original music clip was edited at gradients of 50 to 56 bpm, 106, and 156 bpm. Each edited music
unit was then looped 6 times to form new musical stimuli.
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Fig. 2. In each experiment, the three musical stimuli were played randomly. After each musical stimulus,
participants were asked to rate the arousal and valence levels based on the emotions evoked by the music on
two 7-point scales (1 =very negative or low arousal, 7 =very positive or high arousal) within 4 s.

focuses only on valence and arousal to evaluate the participants’ emotional state. There are multiple assessment
methods, and one of the most common measurement methods of psychological data is the self-report Likert
scale(Clark and Watson, 2019), which provides a convenient way to measure unobservable constructs. Therefore,
we used two seven-point Likert scales to assess the valence and arousal levels of the participants.

Experiment procedure

Participants sat approximately 40 centimeters away from a 22-inch monitor (Dell, USA) and wore headphones
during the experiment. Before the start of the experiment, participants were told to minimize actions such as
blinking and swallowing. At the beginning of the experiment, participants had a 30-second rest period. The
three musical stimuli of different tempi were played randomly in each experiment. Before each musical stimulus,
to minimize the interference caused by eye movements and to stabilize the participants’ emotions, a “+” sign was
displayed at the center of the screen for 15 s, during which participants were required to focus their attention and
then listen to the music. After each musical stimulus was played, participants were asked to rate the arousal and
valence levels based on the emotions evoked by the music, using two 7-point Likert scales (1 =very negative or
low arousal, 7 =very positive or high arousal) within 4 s. Additionally, between two music stimuli, participants
were asked to complete ten arithmetic problems to minimize the influence of the previous state on subsequent
sessions. The experimental procedure is shown in (Fig. 2).

EEG recording and preprocessing

EEG data were recorded using a wireless EEG system (NeuSen.W32, Neuracle, China) at an original sampling
rate of 1000 Hz and then preprocessed for offline analysis with the EEGLAB toolbox (version 2024.0) in
MATLAB environment (version R2023b). The EEG signals were referenced to a common average reference
(CAR) before further processing, and EEG electrodes were referenced to the 10-10 international standard
system. First, EEG segments with large amplitude artifacts were identified and removed, and channels with poor
signal quality were excluded through a visual inspection. Next, an adaptive notch filter was employed to remove
50 Hz power line noise. Afterwards, a fourth-order Butterworth band-pass filter, which is known for its smooth
frequency response, was applied to isolate the EEG signal within the frequency range of 0.1 Hz to 90 Hz>'.
This approach allowed us to retain meaningful brain activity signals while minimizing noise and extraneous
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frequencies. The signal was then resampled to a sampling rate of 1000 Hz by executing the resample function
in MATLAB. Finally, components associated with artifacts, such as those from electromyography (EMG) and
ocular movements, were detected and eliminated using independent component analysis (ICA). The EEG data
from each participant and each music condition were decomposed into independent components using the
runica algorithm. The resulting components were visually inspected and analyzed for periodicity, as components
with clear repetitive patterns—often indicative of artifacts—were identified for removal. A predefined threshold
for periodicity was used, where components exhibiting periodicity above a certain value (100ms) were flagged as
artifacts. These artifact components were then removed, and the remaining independent components were used
to reconstruct the cleaned EEG signals. To ensure consistency in the data format across subjects, strict criteria
were applied: channels were only excluded if they showed significant signal degradation (e.g., excessive noise or
electrode disconnection). If more than two channels were excluded for a given subject, that subject’s data were
excluded from the analysis to maintain consistency across all subjects. This ensured that the remaining data for
all subjects were comparable in terms of the number of usable channels, thus minimizing potential confounds
related to data quality variations. The EEG raw data and preprocessed comparison graphs are shown in (Fig. 3).

Since EEG features in the frontal, temporal, parietal, hand occipital regions are highly correlated with changes
in emotion, and the temporal region includes auditory cortex areas associated with normal music listening, we

focused on analyzing EEG features in these regions®

. As seen in Fig. 4, channels from each region (frontal: Fpl,

Fp2, AF3, AF4, AF7, AF8, Fpz; parietal: P5, P6, P3, P4, P1, P2, Pz; temporal: T7, T8; occipital: PO3, PO4, PO7,
PO8, O1, 02, Oz) were utilized for the extraction of indices.

For the analysis of these specific brain regions, signals from all channels within each region were averaged
to create a single representative signal. This approach ensures consistent contribution from each region, despite
variations in channel number per subset. It can also help improve signal stability and signal-to-noise ratio. At the
same time, we also recognized that different channels may carry different physiological or physical information,
therefore, specific channels exhibiting prominent activity were selected for individual analysis. This dual
approach allows for a detailed examination of significant neural responses while maintaining a comprehensive
view of regional brain activity.

EEG feature extraction
The selection of features in EEG feature extraction was based on two key aspects: region-specific characteristics,
which include both energy features and complexity measures of the brain regions, and the interaction between
different brain regions, captured through linear coherence (COV) and non-linear phase-locking value (PLV).
These features were chosen because they allow us to capture both the intrinsic activity within specific brain
regions and the inter-regional coordination. Energy and complexity features reflect the local brain dynamics,
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Fig. 3. The comparison of EEG raw data and EEG preprocessed data. We selected three electrodes, Fp1, Fp2,
FpZ, for comparative analysis before and after preprocessing.
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Fig. 4. EEG electrodes in the 10-10 system. The red circled area represents the frontal lobe (Fp1, Fp2, AF3,
AF4, AF7, AF8, and Fpz), yellow represents temporal lobe (P5, P6, P3, P4, P1, P2 and Pz), and blue represents
occipital lobe (PO3, PO4, PO7, PO8, O1, 02, and Oz).

while COV and PLV provide insights into how different brain regions cooperate, capturing both linear and non-
linear aspects of brain connectivity. Together, these features offer complementary information that enhances the
comprehensiveness of the analysis”

Power spectrum analysis
In this study, we employed Power Spectrum Analysis to explore the frequency domain characteristics of EEG
signals. The power spectrum quantifies how variance is distributed over frequencies and is useful for identifying
periodic behavior in time series*>. We analyzed the power spectrum of the EEG during the experiment with
window lengths of T=0.5s with 0.25s overlap. In this period, we computed the frequency bands of delta
(1-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta (12-32 Hz), and gamma (32-45 Hz). Also, we analyzed the
energy intensity of the brain regions.

The basic step of Power Spectrum Analysis involves transforming the signal from the time domain to the
frequency domain using the Fourier Transform. For a discrete signalX [n], its Discrete Fourier Transform
(DFT) is defined as Eq. (1):

Xk = x[n]-e” N (1)

Where represents the complex amplitude of the signal at the k-th frequency component, and N is the number of
samples. The power spectral density (PSD) is defined as Eq. (2):

| X |?

PSD (k) = )
(k) N
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Dispersion entropy analysis

This study uses dispersion entropy (DE) to analyze the complexity of non-linear time series data such as EEG
signals. This entropy measure provides insights into the average unpredictability or disorder within a system,
which is crucial for understanding dynamic processes®. Dispersion entropy, introduced by Rostaghi and Azami,
is especially adept at capturing variations due to noise and simultaneous changes in frequency and amplitude®.
To calculate DE for a univariate time series, the following steps are employed:

(1) First, we employ the normal cumulative distribution function (NCDF) to map x intoy = {y1, y2,..., Y~}
from 0 to 1. Then, a linear algorithm is used to assign each y; to an integer from 1 to c. do so, zj =
round(c.y; + 0.5),where z§ shows the jth member of the classified time series, and rounding involves
either increasing or decreasing a number to the next digit.

(2) Each embedding vector z"“ with embedding dimension m and time delay d is created according
toz]"¢ = {zf, Zivd s zf+(m_1)d} ,i=1,2,...,N — (m — 1) d, and is mapped to a dispersion pat-

ternmy, v1 ?vm—1. The specific mapping is defined by Eq. (3):

c __

c C <
2i =0, Zitd = V1,5 Zit(m—1)d = Vm—1. (3)

(3) For each potential dispersion patternc™, relative frequency is calculated as Eq. (4):

~ Number{i|i <N — (m — 1) d, 2] has type Tvjv;...v, 4

p (ﬂ—vovlumm_l) N _ (m — 1) d (4)
(4) Based on the Shannon’s definition of entropy, the DE value is computed as Eq. (5):
DE (l’, m,c, d) = - Zp (71-1)01)1.4.1)7,,,,1) -In (p (ﬂ—’voﬂl»-»”m—l)) (5)
=1

We computed the dispersion entropy of the EEG during the experiment with delay of d = 1, the embedding
dimension of dispersion entropy of m = 3, and the number of classes of ¢ = 3. In this period, we analyzed the
changes and differences in dispersion entropy after being stimulated by music stimuli of different tempi.

Covariance (COV) analysis

In probability theory and statistics, covariance (COV) measures the overall error of two variables. At the same
time, covariance (COV) analysis is of great significance in the field of EEG, which is used to deal with noise in
EEG data and estimate the spatial distribution of signal and source localization. sample covariance is one of
the forms of covariance. This study used COV analysis to explore various network properties, including node
strength, clustering coefficient, and degree distribution, which provide insights into brain connectivity and
functionality.

Node strength Node strength can be regarded as a measure of the importance or centrality of nodes within
the weighted network®. Its calculation includes information about connection weights and the number of con-
nections. Node strength is defined as inflow and outflow weights summed from a node*”. The mathematical
formulation for node strength is as Eq. (6):

5 = Z COV (z;,x;) (6)

J

where s, is the strength of node i, and COV’ (x4, x;) is the covariance between the time series of nodes i and

7%, Node strength provides insights into the level of activity and connectivity a specific region has with other
regions, indicating potential hubs in the brain network.

Clustering coefficient The local clustering coeflicient can be quantified by using the so-called local clustering
coefficient, which is simply the ratio between the number of actually existing connections between all neighbor
nodes and the maximum number of such connections between these neighbor nodes®. The size of the local
clustering coeflicient ranges between 0 and 1. For an undirected network, the local clustering coeflicient of node
i is defined as Eq. (7):

261'
R (S @

where e; is the number of connections between the neighbors of node i, and k; is the number of neighbors of
node i*’. A high clustering coefficient for a particular region may indicate a propensity for specialized processing
and synchronous activity in EEG studies.

The triangle of a network means a subgraph consisting of three nodes and three links*'. The clustering
coeflicient of the network is the mean of the local clustering coefficient of all nodes. It is usually considered as a
measure of functional segregation of the brain network. For an undirected network, the clustering coefficient is
calculated as Eq. (8):
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1
C=5> C (8)

ieN

where N is the number of nodes in a network. In a directed network, clustering coeflicient is defined by Eq. (9):
- 1 i

C=— . ; 9

N “ZN (k;mt + k.;.n) (kiout + k;n _ 1) _ 2ZJEN aijaji ( )

where 7; is the number of triangles around node i for a directed network, £{"* and ki represent the in-degree
and out-degree of node i, respectively. For a binary connection matrix, a;; represents the connection state
between node j and node 7, and a value of 1 indicates that there is a connection, otherwise there is no connection.

Degree distribution The degree of a node in a network (sometimes referred to incorrectly as the connectivity)
is the number of connections or edges the node has to other nodes. If a network is directed, meaning that edges
point in one direction from one node to another, nodes have two different degrees: the in-degree, which is the
number of incoming edges, and the out-degree, which is the number of outgoing edges. In EEG networks, degree
distribution can highlight the presence of highly connected nodes (hubs) and help analyze the efficiency and
robustness of brain networks*2. The degree distribution P(k) of a network is then defined as Eq. (10):

P (k) = Number of Nodes with Degree k
- Total Number of Nodes

(10)

Phase locking value (PLV) analysis

As the brain is a non-linear dynamical system, Phase Locking Value (PLV)is a suitable method to quantify the
interaction*?~**. The PLV is advantageous for analyzing brain connectivity as it focuses on the consistency of
phase differences over time rather than amplitude, making it robust against common-mode artifacts and signal
power variations. To compute the PLV between two signals, = (t) and y (¢), the process typically involves the
following steps:

(1) Phase Extraction: Extract the instantaneous phase of these filtered signals using a method such as the
Hilbert transform on wavelet transform.
(2) Phase Difference is calculated as Eq. (11):
A¢(t) = ¢u (t) — by (1) (11)
where ¢ (t) and ¢y, (t) are the instantaneous phases of signals = (¢) andy (t), respectively.
(3) PLV Computation:

The PLV is computed as the absolute value of the average of the complex phase differences over time, as Eq. (12):

N
_ |4 JAG(t)
PLV = | & Z e (12)
t=1
Where N is the number of sampled points in time, and j is the imaginary unit ( §* = ) Each term e?4¢(*)

represents a unit vector on the complex plane with a direction given by the phase difference. High PLV Indicates
that the phase difference between the two signals remains consistent across time, suggesting synchrony or
coupling between the two brain areas being analyzed.

Results

Scale analysis of Valence and arousal

We used a one-way ANOVA to examine the effects of different music tempi on individuals’ emotional valence and
arousal. Means and standard deviations of valence and arousal were calculated. Valence significantly increased
with rising music tempo (F=222.27, p<0.001, Tukey test). Additionally, changes in arousal were significant
(F=330.89, p<0.001, Tukey test): the arousal-tempo relationship exhibited a “V” shape, with the lowest arousal
at 106 bpm (1.88 £ 0.54), followed by 56 bpm (3.52 +0.78), and the highest at 156 bpm (6.62 +0.50) (all data are
presented as mean * standard deviation (SD) throughout the article), as shown in (Fig. 5).

In addition, to further verify the accuracy and reliability of the above results, we analyzed the changes of
Valence and Arouse levels under different Tempo situations for each subject, as shown in (Fig. 6). We can see
that different participants’ assessments of Valence and Arouse differed at different Tempo, especially at 56 bpm,
106 bpm (e.g., S8, S16, S25, etc.). Such differences may stem from a variety of factors such as an individual’s
musical preference, physiological response, and psychological state. However, despite these differences, the
picture still clearly corroborates out the overall trend indicated in (Fig. 5): Valence significantly increased with
rising music tempo, while the arousal-tempo relationship exhibited a “V” shape.
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The valence scores significantly increase as the music tempo increases, while the arousal-tempo relationship
exhibits a “V” shape.
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Fig. 6. The scores of valence and arousal changing with music tempo measured on scales from 1 to 7 in 26
subjects.

EEG analysis

The characteristics of power spectrum between different music tempi

This study investigated the influence of varying musical tempo on the brain power spectrum in the frontal, parietal,
temporal, and occipital regions. We examined the brain topography of the power across various frequency bands
in response to different music tempi. Subsequently, we performed a one-way ANOVA to evaluate the mean
power of these frequency bands across each brain region. Our research demonstrated that different regions of
the brain exhibit varying responses to music tempo, as illustrated in (Fig. 7) (see Supplementary Table S2-S6 for
detailed ANOVA results).

In the frontal region, the power of the theta band is highest during slow tempo (154.02+9.76). In contrast,
the alpha band power significantly decreases as the music tempo increases (P <0.001, Tukey test). This suggests
that slow tempo may reduce attention and trigger brain activities associated with relaxation or soothing states.
On the other hand, the beta band power significantly increases with higher tempo (P <0.001, Tukey test), while
the gamma band exhibits power characteristics similar to beta but with a lower average. In the parietal region,
the average power of the delta band (266.32 +32.56) is significantly higher than that of the other four bands
(P<0.001, Tukey test), with delta activity being most prominent at a moderate tempo of 106 bpm (407.22 + 14.19).
In the temporal and occipital regions, which are similar to the parietal region, the average power of the delta
band is significantly higher than that of the other bands. However, the power of the theta band significantly
decreases as tempo increases (P <0.05, Tukey test), with slow tempo inducing the highest theta power values
(temporal: 21.43 £2.47; occipital: 24.65+2.95).

The frontal region shows the most significant brain response to fast tempo, especially in the theta, alpha,
and beta bands. Specifically, slow music induces the highest theta and alpha power, while fast tempo induces
the highest beta power. In the parietal, occipital, and temporal regions, the average power value of the delta
band is significantly higher than that of the other bands. It shows the highest power under medium tempo,
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Fig. 7. (a) Shows the power spectral analysis of brain topography across different frequency bands under
various music tempi. (b) The diagram illustrates the average power spectral density (x107> uV*/Hz) of these
frequency bands in each brain region for different music tempi, with yellow indicating slow tempo (56 bpm),
blue indicating medium tempo (106 bpm), and red indicating fast tempo (156 bpm).

DF |SS MS F P-value
Brain region 4 0.03 | 0.0076 0.77 | 0.55
Frequency band 4 | 480.61 | 120.15 | 12108.87 | <0.0001
Music tempo 2| 707.50 | 353.75 | 35650.88 | <0.0001
Brain region * frequency band 16 0.26 | 0.02 1.68 | 0.05
Brain region * music tempo 8 | 0.0061 | 7.63E-4 0.08 | 0.9997
Frequency band * music tempo 8 0.48 | 0.06 5.99 | <0.0001
Brain region * frequency band * music tempo 32 0.03 | 0.0011 011 |1
Total 74 | 1188.92 | 16.07 1619.18 | <0.0001
Error 1725 17.12 | 0.01
Modified total 1799 | 1206.04

Table 1. Results of three-way ANOVA on the effects of brain region, frequency band, and music tempo on
dispersion entropy.

particularly in the occipital region. Meanwhile, the occipital and temporal regions display increasing theta power
with increasing music tempo.

The characteristics of dispersion entropy (DE) between different music tempi
We further applied a three-way ANOVA to explore the effects of brain region, frequency band, and music tempo
on dispersion entropy. As shown in (Table 1), the factor of brain region did not have a significant impact on DE
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(F=0.760, p=0.551>0.05, Tukey test). However, both frequency band (F=12108.87, p <0.0001, Tukey test) and
music tempo (F=35650.88, p <0.0001, Tukey test) exhibited significant effects on DE ( see Supplementary Table
S7-S12 for detailed ANOVA results).

To further investigate the effect of music tempo on DE, we selected EEG signals from different frequency
bands in the frontal, parietal, temporal, and occipital regions under varying music tempo. As indicated in
(Fig. 8), DE for all three music tempi increases with the frequency band rises. Specifically, the average DE across
three music tempo follows the order: Gamma (3.91+0.63)>Beta (3.50+0.63)>Alpha (3.01+0.63) > Theta
(2.77£0.63) > Delta (2.46 £ 0.65), reaching a significance level of 0.001 (F =297.30, p <0.001, Tukey test).

Covariance (COV) analysis

The covariance analysis examined the connectivity among the 59 channels and the overall connectivity of five
major brain regions. This analysis included the average connection strength and clustering coefficient between
different brain regions, revealing changes in brain network connectivity under different music tempi (Fig. 9).
Additionally, we focused on nodes that showed statistically significant differences in node strength across the
three music tempi for further analysis (Fig. 10) (see Supplementary Table S13, S14 for detailed ANOVA results).

When examining the average connection strength between different brain regions, it is evident from Fig. 9a,
¢ that, as music tempo increases, the average connection strength in the frontal, occipital, and temporal regions
shows an upward trend. Specifically, under fast tempo conditions (frontal: 21.91+2.55; temporal: 21.40 +2.80;
occipital: 14.94+1.95), these regions exhibit significantly higher average connection strength compared to slow-
tempo music (frontal: 19.35+2.85; temporal: 16.30+3.31; occipital: 10.61+2.27) (frontal: P<0.05, Tukey test;
temporal: P<0.001, Tukey test; occipital: P<0.001, Tukey test). Meanwhile, the parietal Region displays the
lowest connectivity among channels during medium-tempo music (16.94 +3.75, P<0.05, Tukey test).

We selected relevant channels of different brain regions for further exploration, as shown in (Fig. 10). In
the frontal region, the node connectivity strength of the F7 channel increases with music tempo, aligning with
the overall trend of average connection strength in the frontal region. We specifically focused on the T7 and
T8 channels in the temporal region. The node connectivity strength of the T8 channel increases with faster
music tempo. It is significantly higher under fast-tempo music compared to medium and slow-tempo music
(P<0.001, Tukey test), consistent with the overall average connection strength analysis in the temporal region.
Interestingly, the T7 channel’s node connectivity strength shows the opposite trend, significantly decreasing
with faster music tempo (P<0.001, Tukey test). This could indicate that the T7 channel employs different brain
functional networks when processing fast tempo or involves other cognitive processes not synchronized with
increased connectivity strength during rapid tempo. We also analyzed the P4 and P6 channels in the parietal
region and the POz and PO4 channels in the occipital region, all showing the highest node connectivity strength
under fast-tempo music.

The FCz channel is a significant channel in auditory EEG response*.The FCz channel exhibited a significant
increase in node strength at 156 bpm compared to both 56 bpm (p <0.01, Turkey Test) and 106 bpm (p<0.01,
Turkey Test), as shown in (Fig. 10). This suggests that faster tempo enhances functional connectivity in the
frontal-central region, possibly due to increased auditory-motor synchronization and cognitive load required
for tempo tracking.

Regarding the clustering coefficient, as shown in (Fig. 9b, d), different music tempi do not significantly
affect the frontal region. However, a high clustering coefficient is consistently maintained in the frontal region,
particularly at channels FPz, FP1, FP2, APZ, AF3, and AF4. The temporal region exhibits the highest clustering
coefficient under fast-tempo music (0.89+0.08, P<0.001), consistent with earlier results from the average
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Fig. 8. The average dispersion entropy (DE) values across the five frequency bands under different music
tempi. Yellow represents slow tempo (56 bpm), blue represents medium tempo (106 bpm), and red represents
fast tempo (156 bpm). The results show that as the music tempo increases, the average DE increase.
Additionally, as the frequency band rises, the DE induced by all three music tempi also increases.
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Fig. 9. (a) illustrates the average connectivity status between 59 brain channels under different music tempi.
(b) displays the average clustering density among these 59 channels under varying music tempi. (c) shows

the average connection strength of five different brain regions under different music tempi. (d) represents the
average clustering coefficient of five different brain regions under various music tempi. In diagrams (c) and (d),
yellow indicates slow tempo (56 bpm), blue indicates medium tempo (106 bpm), and red indicates fast tempo
(156 bpm).
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Fig. 10. The strength of nodes F7, T7, T8, P4, P6, Poz PO4, and FCz varies with music tempo. Gray indicates
slow tempo (56 bpm), blue indicates medium tempo (106 bpm), and pink indicates fast tempo (156 bpm).

connection strength analysis. However, the results for the occipital and parietal regions differ between clustering
coeflicient and average connection strength analyses: in the parietal region, the clustering coefficient is highest
under medium tempo (0.87+0.05, P<0.05, Tukey test), and in the occipital region, the clustering coefficient is
highest under slow tempo (0.91+0.14) and lowest under medium tempo (0.78 £0.017, P<0.001, Tukey test).

Figure 11 illustrates the strength comparison of different frequency bands within the covariance network
under three music tempo conditions. The analysis shows that the Delta, Theta, and Alpha bands exhibit the
highest strength at slow tempo (Delta: 512.36 +22.68; Theta: 507.79 + 14.67; Alpha: 32.29 + 152.24), indicating a
more significant synchronization or interaction among different brain regions in these frequency ranges at this
tempo. The strength of these bands significantly decreases with increasing music tempo (P<0.05, Tukey test),
particularly in the Delta band. This may suggest that as the music tempo increases, the brain experiences reduced
synchronization or interaction in these low-frequency bands.

In contrast, the Beta band shows comparatively lower overall covariance strength that changes little across
different music tempi conditions, displaying a consistent pattern. This might indicate that the brain functional
connectivity in these bands is relatively stable amid variations in music tempo, or that their role in brain processing
of musical tempo is less pronounced compared to low-frequency bands. The illustration clearly indicates that
slow tempo enhances the strength of low-frequency bands (Delta, Theta, Alpha) within the covariance network,
and fast tempo diminishes their influence. This suggests that slower music might evoke processes related
to these frequencies, such as relaxation and stability in cognitive processing. The decline in overall strength
with increasing tempo may suggest that slower tempo can promote neural connectivity and synchronization.
Additionally, the sensitivity of different frequency bands to changes in music tempo varies, which might relate to
the mechanisms by which the brain processes musical tempo across different frequency ranges.

Finally, we analyzed the degree distribution of brain networks under three different music tempi to explore
the impact of music tempo on brain network connectivity, as shown in (Fig. 12). These results reflect that with
the increase in the tempo of music, the degree distribution of the brain network shifts towards higher values.
This might reflect the brain’s adjustment to the connection pattern while processing fast-tempo music: a denser
network with more frequent interactions between nodes to handle more complex tasks. These findings expose
the dynamic adaptability of brain networks to varied musical tempo, suggesting that changes in the tempo of
music can significantly alter the pattern of connectivity in the brain, thereby modulating cognitive and emotional
processing.
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Fig. 11. The comparison of the mean connection strength of the Delta, Theta, Alpha, and Beta frequency
bands within the covariance network under three music tempo conditions. Yellow indicates slow-tempo music
(56 bpm), blue indicates medium-tempo music (106 bpm), and red indicates fast-tempo music (156 bpm). The
strength of each frequency band decreases as the music tempo increases.
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Fig. 12. The degree distribution of brain networks in the covariance analysis. Gray represents slow tempo
(56 bpm), blue represents medium tempo (106 bpm), and pink represents fast tempo (156 bpm). As the music
tempo increases, the degree distribution of the brain network gradually shifts to higher levels.
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Fig. 13. The PLV between the five brain regions (frontal, Central, temporal, parietal, and occipital) and
59 channels under different music tempi. (a—c) correspond to the music tempo of 56, 106, and 156 bpm,
respectively.

Phase locking value (PLV) analysis

In the investigation of the impact of music tempo on brain functional connectivity, phase locking value (PLV)
was used to measure the synchronization of the phases of an EEG signal, which might give a more direct measure
of temporal coordination between individuals in musical tasks*®. The functional connectivity among five main
brain regions under different musical tempi was investigated. A Detailed analysis of the heatmaps revealed that
music tempo significantly influenced phase synchronization between brain regions, as shown in (Fig. 13) (see
Supplementary Table S15-S17 for detailed ANOVA results).

Under the low-tempo music condition, PLV values were generally lower, reflecting weaker phase
synchronization between brain regions, with the most prominent negative synchronization observed between
the frontal and occipital regions (PLV =0.56, P<0.01, Tukey test). Additionally, the central region exhibited
varying degrees of synchronization with other brain areas, suggesting inconsistency in the involvement of brain
regions related to autonomic and emotional processing under low-tempo music stimulation.

As the music tempo increased to 106 bpm, the synchronization between the occipital and frontal regions
persisted. However, a significant synchronization between the central and temporal regions strengthened
(PLV=0.69, P<0.01, Tukey test), indicating that medium-tempo music may enhance collaboration between
sensory and cognitive processing areas.

With a further increase to 156 bpm, the temporal lobe exhibited a marked synchronization with other regions,
particularly the frontal lobe (PLV =0.76, P<0.01, Tukey test). At the same time, the synchronization between
the occipital and temporal regions also increased (PLV =0.93). This shift in patterns suggests that high-tempo
music may impose greater cognitive load on brain regions associated with auditory processing and emotional
regulation, leading to altered connectivity between these regions.

Specifically, the frontal region displayed the highest PLV at 156 bpm, while the central and temporal regions
had the highest values at 106 bpm. The parietal and occipital regions exhibited their peak PLV values at 156 bpm.

Discussion

This study investigates the effects of music tempo on emotional states and brain functional networks using
emotion scales and electroencephalogram (EEG) analysis. The results from the emotion scales indicate that
valence levels significantly increase with faster music tempo, while arousal levels demonstrate a “V” shape
pattern, with medium-tempo music eliciting the lowest arousal levels. This suggests that fast tempo can evoke
more positive emotional experiences, while medium tempo may promote a more tranquil emotional state.

In EEG analyses, discrete entropy and power spectral analysis show noticeable changes in brain signals across
different frequency bands under various music tempi: slow tempo induces higher Theta and Alpha power in the
frontal region, suggesting a relaxed state; As the increase of the music tempo, there is an increase in Beta and
Gamma band power, reflecting higher neural activation levels. Furthermore, brain network analysis based on
graph theory reveals the impact of music tempo on inter-regional brain connectivity characteristics, with node
strength and clustering coefficients significantly increasing in the frontal and temporal regions under fast tempo,
indicating enhanced connectivity and synchrony in these regions. Phase-locking value (PLV) analysis shows
significant differences in phase synchrony between brain regions under different tempi: under slow-tempo
conditions, the synchronization between the frontal and occipital regions is most pronounced. Under fast-tempo
condition, the synchronization between the temporal region and other regions increases significantly, especially
the frontal region. This is possibly related to increased demands for emotional and cognitive processing with fast
tempo*748,

In summary, the results suggest that changes in music tempo not only significantly modulate arousal levels
but also affect how the brain processes emotions and cognition, as reflected in changes in neural activity across
different frequency bands and alterations in inter-regional connectivity patterns.
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The relationship between music tempo, emotional Valence, and arousal

Scale analysis shows that music tempo significantly affects emotional valence and arousal. In this study, the
characteristics of fast tempo align with existing research findings, indicating that a faster tempo typically results
in higher valence ratings and is considered more exciting, which may enhance positive emotional states**->!.
However, an interesting phenomenon is that fast tempo induces the highest arousal levels, while medium
tempo elicits the lowest arousal levels. There is less exploration in existing research regarding the emotional
characteristics of medium and slow tempo. The weakest arousal intensity induced by medium tempo may be due
to the fact that medium tempo (106 bpm) closely matches individuals’ breathing and heart rate rhythms. This
physiological rhythm similarity somewhat enhances individuals’ adaptation to medium-tempo music, thereby
inducing a lower arousal experience. The “Medium Tempo Attraction Theory” was proposed by Allan (1994)
and Schab (1988) to explain the characteristics of human temporal perception in music. Their investigations
found that the time interval of beats between 500ms and 700ms, equivalent to a tempo of 85 bpm to 120 bpm,
is a time window where there is no perceptual bias in listeners and is also the music tempo range most suitable
for human auditory experience®>>?. The medium-tempo music selected in this study fits precisely into the most
suitable music tempo described in the “Medium Tempo Attraction Theory”, which is why medium-tempo music
exhibits lower arousal scores compared to fast and slow music.

Given the association between high tempo and more positive perceptions of valence and arousal, it might
be a strong positive correlation between valence and arousal levels®’. However, the relationship between valence
and arousal is still debated. Some emotional theoretical models describe arousal and valence as orthogonal®.
However, evidence suggests a “V” shape relationship®, which is consistent with the existence of low arousal,
high valence (“happy” or “satisfied”) music and high arousal, low valence (“angry” or “anxious”) music, and also
aligns with the conclusions of this study. Previous studies have primarily focused on the superficial effects of
music tempo on emotional valence and arousal, often using subjective scales for assessment. However, our study
goes beyond these methods by incorporating objective electroencephalogram (EEG) analysis to delve deeper
into the brain functional networks underlying emotional state changes induced by music tempo, including
discrete entropy, power spectral analysis, and graph theory analysis.

Changes in EEG intensity and breadth induced by music tempo

The impact of music tempo on the power spectrum

Power spectrum analysis reveals a significant association between brain activity across different frequency bands
and the music tempo. In the frontal region, as the music tempo increases (e.g., transitioning from slow to fast),
Beta band power shows a notable rise. Many studies have improved that beta band activity has a great relation
to focused attention and cognitive processing. For example, Bigliassi et al. have stated that music increases Beta
band activity so that emotional responses can be facilitated along with the level of arousal. This effect is evident
with fast-tempo music and in tasks related to physical exertion®”. The study of Schalles and Pineda also revealed
that during the listening of familiar music sequences, Beta wave suppression decreased, while attention and
cognitive reaction to these sequences increased. This is an indication of the critical nature of Beta waves in
cognitive processing™®. Moreover, Fujioka et al. showed Beta activity in the auditory and motor Cortical areas
is vital for the processing of musical beats, especially in fast-tempo music, because it allows the brain to make
rhythm predictions and synchronization®. Thus, the rise of Beta band power at a faster tempo in music may
indicate the increase in cognitive activity, neural activity that parallels the rise in arousal.

Meanwhile, under the condition of fast tempo, the reduction in Alpha band power in the frontal region also
suggests a change in brain state. The Alpha band is associated with relaxation, attention, working memory, and
cognitive control®®-%2 and is related to the brain’s resting or sleep state. The decrease in Alpha band power with
fast-tempo music physiologically supports that slow tempo is more likely to induce negative emotions and a
calmer feeling. In contrast, fast music can evoke more positive emotions. These EEG findings align with behavior
studies on tempo, explaining how music tempo influences individual neural activity.

In the temporal and occipital regions, changes in the average Delta and Theta band power across different
music tempi may also be related to emotional changes. The delta band is connected to motor planning, cognitive
control, and sensory processing®>®*. Meanwhile, the Theta band is related to cognitive load, particularly episodic
and working memory, as Theta event-related synchronization (ERS) increases with working memory load
and persists during the retention period®>®. Under medium tempo, the highest delta band power is observed,
suggesting that the slower tempo may facilitate deeper cognitive processing and motor control, potentially due to
a more relaxed mental state. Conversely, as the tempo increases, the theta band power tends to decrease, which
could reflect a shift in cognitive load or attentional demands. Faster tempo may reduce the need for sustained
working memory involvement, allowing the brain to process music more rhythmically and instinctively, with
less reliance on the episodic and working memory systems. These dynamics might indicate a complex interaction
between tempo, cognitive load, and emotional responses, with changes in brainwave activity reflecting the
varying demands of both processing and emotional engagement across different music tempos. Furthermore,
this could suggest that tempo plays a key role in modulating both the cognitive and emotional aspects of music
perception, with each frequency band responding differently to the temporal characteristics of the music.

The impact of music tempo on interregional brain connectivity

Through covariance (COV) analysis, we discovered significant differences in connectivity between brain
channels under varying music tempo. Increasing music tempo leads to a rise in average connectivity strength in
the frontal, occipital and temporal regions. This enhanced connectivity may indicate that the brain requires more
inter-regional collaboration to process fast-tempo music, addressing higher cognitive and emotional demands,
which aligns with heightened levels of arousal. However, fast-tempo music may cause desynchronization or a
reallocation of functional connections in specific frequency bands or regions to support brain functionality
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under high cognitive load conditions. On the other hand, slow-tempo music typically reduces synchronization
in the frontal, temporal, and occipital regions while enhancing low-frequency band activity, improving the
integration capacity of these areas.

Current neuroscience research suggests that brain regions demonstrating notable synchronization during
musical activities are primarily in the frontal, parietal, and temporal lobes. The clustering coeflicient reflects the
local connectivity or clustering degree of nodes within a brain network and serves as a crucial measure of local
functional integration in the brain. Variations in the clustering coefficient across different brain regions under
varying music tempo can indicate their different roles in music processing. The temporal lobe is fundamental
for processing auditory information, language comprehension, and interaction®”¢®. Results indicate that the
temporal region has the highest clustering coefficient in fast tempo, probably due to neurons becoming more
integrated in this region for better processing of complex auditory information presented by fast tempo. One
interesting phenomenon in this study is that the T7 channel has its nodal connectivity strength significantly
decrease against the main trend with increased music tempo, which probably suggests that when processing fast
tempo, the left temporal lobe engages different neural mechanisms. That is, compared to fast-tempo conditions,
the reduced strength of connectivity in the left temporal lobe may suggest lesser involvement in processing as
the tempo increases. Thaut et al. mentioned that the right superior temporal cortex is mainly responsible for the
processing of musical tempo and functions separately from regions involved in processing rhythm or pattern®’.
This supports the results of this experiment, suggesting a dominant role of the right temporal lobe in tempo
processing, while under fast tempo, the involvement of the left temporal lobe decreases. Additionally, Liu et al.
found that slow-tempo music activated the left middle temporal gyrus (MTG) more strongly than fast-tempo
music®, indicating that the left temporal lobe might be more inclined to process information related to rhythm
or pattern under slower music conditions. This agrees with the result of this experiment, pointing out that the
left temporal lobe may be more prone to the processing of information concerning rhythm or pattern under
conditions of slower tempo. Whereas under a fast tempo of conditions, it shifts to other neural mechanisms or
reduces the direct tempo processing. These findings together suggest that different music tempi may activate
separate neural circuits in the temporal lobes, reflecting the division of labor and differences between the left and
right temporal lobes in processing music tempo and patterns.

In particular, the highest clustering coefficient in medium-tempo music stimulation suggests that the parietal
region might enable a more effective neural link within the parietal region. The lowest clustering coefficient
for the occipital region with medium-tempo music stimulation means that the occipital region can integrate
the internal flow of visual information and communicate more effectively with other parts of the brain while
processing slow music.

Also, our findings indicate that FCz node strength increases significantly at higher tempo conditions (156
BPM). This result aligns with previous studies showing that the frontal-central region plays a crucial role in
rhythm perception and auditory-motor coupling”. The heightened activity at faster tempos may reflect increased
cognitive demands for rhythm tracking and predictive timing mechanisms.

There is a close relationship between the clustering coefficient and connectivity strength, reflecting the
dynamic adaptability of the brain to different music tempi. Changes in average connectivity strength reflect
changes in information transmission efficiency and intensity between different brain regions when music
tempo is varied. The alteration in the clustering coeflicient reflects changes in the closeness of the interneuronal
links within brain regions. For example, under fast-tempo music, the average connectivity strength of the
temporal region increases, and so does the clustering coefficient. This thus suggests that the temporal region
not only exchanges information more frequently with other brain regions under fast-tempo stimulation but that
internally its neuronal connections become tighter, cooperating in handling the high cognitive load induced by
fast rhythms. On the other hand, under slow-tempo music, although the average connectivity strength in the
occipital region is relatively low, the increased clustering coefficient indicates that the brain pays more attention
to the integration and processing of internal information to adapt to a more relaxed tempo.

In a nutshell, the interplay between clustering coeflicient and connectivity strength shows the dynamic
variations in brain networks under different music tempi, hence casting a wider view on understanding how
music affects the brain.

The impact of music tempo on interregional phase synchronization

PLV analysis reflects the level of phase synchronization between brain regions: the higher the PLV, the stronger
the phase synchronization. In response to fast-tempo stimuli, PLV increases in frontal, occipital, and parietal
regions, which reflects better synchronization between these regions. Such increased synchronization could
reflect the adaptive response of the brain in the case of a high level of arousal and cognitive load connected with
the fast tempo of music. The frontal lobe plays a primary role in regulating and expressing emotions, facilitating
social interactions, and exercising executive control during musical activities’!”2. Frontoparietal network
topology can act as a neural marker of musical perceptual abilities, with a significant positive relationship
between perceptual abilities and the efficiency of integration of key frontoparietal regions”>. In this aspect, the
dIPFC may play a critical role in cognitive control and attentional control in rapid music and hence support the
coordinating role of the brain during improvisation’*”>. This study found that fast-tempo music may enhance
arousal levels by increasing cognitive control and attention, as manifested by the heightened synchronization
between the frontal and parietal regions.

On the other hand, under the slow-tempo music conditions, PLV results show that the occipital and parietal
region show higher synchronization with the frontal region. This indicates that the internal thought and
emotional activity is kept stable within the brain during slow-tempo music. The study by Liu et al. indicated
that different music tempi have a widespread effect on the various emotional states and connectivity patterns
of the brain. Slow-tempo music could enhance functional connectivity of the default mode network (DMN)
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and the sensorimotor network (SMN), thereby increasing emotional stability’®. This agrees with the high
synchronization observed in the occipital-parietal regions under slow-tempo conditions in this experiment,
which may indicate that slow-tempo music can enhance emotional stability and induce relaxation through low-
frequency connection activation within the DMN.

In conclusion, PLV results indicate that different music tempi significantly regulate the synchronization of
brain regions. Fast-tempo music enhances emotional and cognitive arousal through increased synchronization
between the frontal and parietal regions, while slow-tempo music supports emotional stability and relaxation via
synchronization between the parietal and occipital regions. These findings suggest that music tempo influences
emotional and cognitive states by modulating synchronization across various brain regions, providing support
for the brain functional networks through which music regulates emotion and cognition.

Future directions

Regarding material selection, this study used neutral music, which alters emotions purely through tempo
changes without relying on the emotional content of the music itself. However, existing research indicates that
fast speech often conveys tense and negative emotional experiences’®~’%. This characteristic can easily interfere
with the perceived qualities of music tempo, making it challenging to discern whether positive effects are truly
attributable to tempo or related to the emotional quality of the stimulus*®7°. For future research, to eliminate
the influence of the stimulus’s emotional valence on participants, it is necessary to independently analyze the
two factors of music tempo and the stimulus’s emotional valence. This requires evaluating both congruent (fast-
positive and slow-negative) and incongruent (slow-positive and fast-negative) stimuli!>*°. Regarding material
selection, this research utilized musical stimuli solely from the classical genre. Future studies could incorporate a
more diverse range of music styles, such as pop, jazz, and electronic music, to examine how music tempo affects
emotional processing across different music genres®%2.

Conclusion

This study investigated the effects of music tempo on emotional experiences and brain functional networks,
with a focus on the relationship between different music tempi and brain activity. The results showed that fast
music tempo is associated with higher arousal level, while medium tempo elicited the lowest arousal level. From
the perspective of electroencephalogram (EEG) analysis, different music tempi significantly affected brain wave
activity, particularly in the frontal, parietal, temporal, and occipital regions. Specifically, slow music activated
higher Theta and Alpha power in the frontal region, reflecting a relaxed state. As the tempo increased, Beta and
Gamma band power rose, indicating higher levels of neural activation. This frequency-specific neural activity
suggests that different music tempi may evoke distinct cognitive and emotional responses, with fast tempo
requiring higher attention and cognitive resource investment. COV network connectivity analysis showed that
fast tempo enhanced the average connectivity strength in the frontal, temporal, and occipital regions, indicating
that the brain’s adaptive response to fast-tempo music is manifested as stronger connectivity. PLV analysis
further confirmed that fast tempo significantly increased phase synchronization between the frontal and parietal
regions, providing physiological evidence for enhanced valence and arousal level, while slow tempo promoted
synchronization between the occipital and parietal regions, suggesting its contribution to emotional stability
and relaxation.

In conclusion, this study demonstrates that music tempo influences brain activity and emotional experiences
through various brain functional networks. This finding offers new insights for fields such as music therapy and
the treatment of emotional disorders, highlighting the practical potential of regulating music tempo to modulate
emotions. Future research could introduce diverse music styles to further distinguish the impact of music
tempo from the emotional valence of the music stimulus itself on emotional experience, thereby validating the
generalizability of the findings and exploring their applicability across different cultural and musical contexts.

Data availability
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