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Influence of rhythm features on
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This study examines how musical expertise, tempo, and beat division influence

synchronization accuracy and regularity in two movement tasks: finger tapping

(discrete movements) and arm swing (continuous movements). Using a

markerless motion capture system, we analyzed synchronization metrics across

di�erent rhythmic conditions. Motion data were extracted via AI-based pose

estimation, and synchronization was computed by aligning movement peaks

with beat times detected from audio stimuli. Results show that musicians

exhibit higher synchronization accuracy and consistency than non-musicians,

particularly in finger tapping tasks. Furthermore, simpler beat structures (binary

rhythms) and moderate tempos facilitate better synchronization, whereas

increased rhythmic complexity and tempo variability reduce performance.

Interestingly, finger tapping leads to more precise synchronization than arm

swing, suggesting that movement type significantly impacts rhythmic alignment.

These findings support applications in therapy, training, and interactive

systems, and demonstrate the value of AI-based motion tracking for scalable

rhythm analysis.

KEYWORDS

sensorimotor synchronization, music information retrieval, beat tracking, multi-scale
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1 Introduction

Why do humans instinctively tap their feet, nod their heads, or synchronize their

body movements to music? This natural ability, known as sensorimotor synchronization

(SMS), is essential in dancing, clapping, and music performance. SMS is a well-

studied phenomenon that has attracted attention across cognitive science, psychology,

neuroscience, musicology, and movement science (Repp, 2005; Large et al., 2023).

Understanding rhythm synchronization has practical implications in both artistic

and athletic settings. Accurate synchronization ensures cohesive ensemble performance

in music and enhances coordination in sports such as rowing or synchronized

swimming (Large and Jones, 1999; Schiphof-Godart and Hettinga, 2017). SMS also has

important therapeutic applications, including rhythmic auditory stimulation (RAS), which

has been shown to improvemotor coordination in individuals with Parkinson’s disease and

support post-stroke rehabilitation (Cochen De Cock et al., 2021; Thaut and Abiru, 2010).

In human-computer interaction, SMS supports more immersive and responsive

systems, such as music-based gaming and interactive virtual environments (Barbancho

et al., 2013).

Traditionally, SMS studies have relied on simplified paradigms–often involving finger

tapping with isochronous tones or metronomes–to ensure strong experimental control.

These paradigms have yielded robust findings on synchronization accuracy and regularity,
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such as negative mean asynchrony (NMA), tempo sensitivity, and

timing variability (Repp, 2005; Repp and Su, 2013; Aschersleben,

2002). For example slower tempi, which are typically defined

by a low number of beats per minute (BPM), generally

improve synchronization, while faster ones increase variability.

Finger tapping has consistently been shown to yield more

precise synchronization compared to gross motor tasks like arm

swing (Chen et al., 2008).

However, many prior studies focus on simple, metronomic

rhythms (Repp, 2005), whichmay not fully reflect the complexity of

real-world musical contexts. While sensorimotor synchronization

(SMS) is often investigated through finger tapping paradigms, the

daily interactions with music typically involve more complex and

continuous movements, making it difficult to generalize findings

from tapping tasks to naturalistic settings. Additionally, while

finger tapping tasks are usually inexpensive and easy to implement,

the study of full-body or naturalistic movement typically requires

high-cost equipment (e.g., 3D motion capture systems) and time-

consuming processing pipelines. These factors can limit ecological

validity and scalability.

To address these challenges, we adopt a more naturalistic

paradigm using complex audio stimuli (real music) and motion

capture. This approach allows us to investigate whether the findings

of traditional SMS research hold in more musically and physically

realistic settings. We also reflect on how genre, instrumentation,

and familiarity may influence synchronization performance–

factors often overlooked in controlled laboratory studies.

From a technical point of view, recent developments in artificial

intelligence (AI), computer vision, and signal processing offer

promising alternatives to traditional setups. Tools like Madmom,

Librosa, and Essentia enable beat and tempo detection from audio

signals using supervised learning (Bock et al., 2016; McFee et al.,

2015), while deep learning-based pose estimation frameworks

(e.g., MediaPipe, PoseEstNet) now enable accurate human motion

tracking using standard cameras (Mao et al., 2022; Panteleris and

Argyros, 2022).

Finally, this study leverages these tools to analyze SMS in an

ecologically valid yet scalable framework. Our pipeline combines

neural network-based audio beat extraction, video-based motion

tracking, and synchronization scoring metrics to assess how

individuals align with musical beats across tasks, tempi, and

rhythmic structures.

2 Materials and methods

2.1 Participants

The study involved 24 participants (13 females, 11 males;

Mage = 22.1 years). Participants were divided into two groups

based on musical expertise: the musician group (4 females, 4 males;

Mage = 21) and the non-musician group (9 females, 7 males;

Mage = 23).

All participants were students or staff members from IMT

Mines Alès, France, with a Western cultural background. Inclusion

criteria required participants to be between 18 and 50 years

old, with no reported hearing impairments or motor disorders

that could affect rhythmic movement. Participants were recruited

through internal communication and volunteered without financial

compensation. Each participant provided informed consent prior

to the experiment.

Musicians were recruited from the school’s orchestra, a student-

and staff-run ensemble composed of individuals who regularly

play and rehearse music. All musicians had a minimum of two

years of formal musical training. Non-musicians were individuals

who reported no formal music education, had never attended a

music school or conservatory, and did not actively play any musical

instrument. Although group assignment was based on self-report,

we ensured that participants in the non-musician group clearly

lacked musical background. Musicians were also asked to report

the instrument they played; the most frequently cited instruments

were percussion, guitar, and piano. Information about participants’

prior dance or movement training was not collected. Similarly, no

standardized tools such as the Goldsmiths Musical Sophistication

Index (MSI) or Ollen MSI were used for group classification.

2.2 General procedure and experimental
design

This study aimed to evaluate the impact of tempo and

multi-scale beat division on participants’ ability to synchronize

their movements—specifically, finger tapping and arm swing—

with musical rhythms. Additionally, it examined the influence of

movement type and musical expertise on synchronization ability.

Finger tapping and arm swing were chosen for their distinct

motor properties. Finger tapping is a fine-motor task involving

precise, repetitive movements with tactile feedback, making it

suitable for analyzing synchronization accuracy. In contrast,

arm swing involves broader, continuous movements requiring

coordination across multiple degrees of freedom, thus presenting

a greater challenge. Including both movement types enabled

a broader assessment of synchronization across fine and gross

motor control.

Participants were given task-specific instructions. In the

tapping condition, they were instructed to tap their thumb and

index finger together in time with the beat, as precisely as possible.

In the arm swing condition, they were asked to swing their

right arm–which is typically the dominant arm–left to right in

synchrony with the beat, matching each full swing with one beat.

Importantly, left-handed participants were not excluded from the

study. Participants were explicitly instructed to follow the beat and

not to move freely or interpretively.

Each trial began with a 3-s introductory segment during which

participants heard the music but were not recorded. This segment

allowed them to identify the beat and begin moving in synchrony

when the recording phase started.

Each session consisted of 18 trials, evenly split between the

two tasks: nine trials of finger tapping and 9 of arm swing. The

trials followed a fixed order—tapping first, then finger tapping and

arm swing were presented in blocks grouped by beat division: first

the three binary tracks, then the three swing tracks, and finally

the three ternary tracks. Participants were not informed about the

beat division or tempo beforehand, and none of the tracks were

previewed prior to the experiment. Each trial lasted 30 seconds,
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FIGURE 1

Diagrammatic representation of the experimental design.

with short breaks between blocks to reduce fatigue and ensure

performance consistency (see Figure 1).

We used a Logitech Meetup webcam, which recorded at 1,920

× 1,080 resolution and 30 frames per second (fps). During the

finger tapping task, participants were seated 2 meters from the

webcam, focusing on their hands and forearms. For the arm swing

task, participants stood approximately 3 meters from the webcam

to ensure full upper-body visibility. All participants used their

preferred hand or arm for both tasks. Audio was delivered via

headphones at 75 dB SPL to ensure consistent sound perception.

The experiment was conducted in a well-lit room with a black-and-

white background to improve video processing. Figure 2 illustrates

the physical setup.

2.3 Multimedia synchronization and
recording software

To capture and analyze movement-to-beat synchronization,

we developed a Python-based system that integrates audio-video

recording and playback. The software, called SYNC Beat M4S, was

built using OpenCV, Pygame, GStreamer, and Tkinter, providing an

interactive interface for experiment control.

The software provides an interface, allowing control of various

aspects of the experiment, such as task selection, beat division,

rhythm music, tempo ranges, and specific music tracks, as shown

in Figure 3.

Each trial began when the experimenter pressed “Play”,

triggering video recording. The musical stimulus started precisely

on the 200th video frame, ensuring audio-video alignment.

This mechanism functioned as a clapperboard reference in film

production. After each trial, the system automatically saved and

sorted recordings by participant ID and task, enabling efficient and

reproducible data management.

2.4 Auditory stimuli and beat structures

The musical stimuli were selected from the GTZAN Rhythm

Corpus (Marchand et al., 2015), a dataset commonly used in

rhythm perception studies. We selected tracks to compare the

effects of tempo and rhythmic complexity on synchronization. Each

of the nine tracks represented a unique combination of tempo (slow

= 80 BPM,medium= 100 BPM, fast= 120 BPM) and beat division

structure (binary, swing, or ternary). The corresponding tracks are

listed in Table 1, including the song title, artist, BPM, and time

signature (TS). Notably, binary and swing tracks were mostly in 4/4

or 3/4meters, while ternary stimuli used compound time signatures

like 9/8 or 12/8.

Musical rhythms were categorized into three beat structures.

Binary division involves dividing each beat into two equal parts.

This structure dominates most Western music and supports

strong perceptual anchoring. Ternary division, by contrast, divides

each beat into three equal parts and appears in compound

meters such as 6/8, 9/8, and 12/8. This structure allows greater

rhythmic flexibility but can challenge synchronization. Swing

represents a stylized variation of binary subdivision, where the

first note in a pair is lengthened and the second shortened.

This timing asymmetry gives jazz and blues their characteristic

“swing feel”.

Figure 4 offers a visual comparison of these

rhythmic categories.

Finally, the tracks were also selected to avoid globally

recognizable tracks and aimed to balance cultural diversity with

rhythmic clarity. Participants were not shown or informed about

the audio material prior to the experiment.

3 Data analysis

Audio and video data were collected for each participant

using our SYNC Beat M4S software, enabling precise temporal

synchronization measurements. The analysis process, illustrated

in Figure 5, follows a structured pipeline divided into three

interconnected blocks. The first block extracts musical rhythmic

features from the audio signal, primarily focusing on beat and

tempo detection. These elements define the temporal structure

necessary for synchronization analysis. In the human movement

feature extraction block, video recordings are analyzed to track

body movements over time using computer vision techniques.

This process identifies motion beats and generates a movement
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FIGURE 2

Illustrations of the experimental setup for both task modalities. Here the participant is performing the arm swing task.

vector, capturing both temporal and spatial characteristics for

subsequent analysis. Finally, in the synchronization analysis block,

the extracted music and movement features are compared as

discrete time series to compute synchronization scores. This

block provides a comprehensive assessment of participants’

synchronization performance. The following sections detail each

step of this process.

3.1 Audio beat detection

To ensure that the selected beat detection method provided

reliable ground truth for synchronization scoring, we conducted

a comparative benchmarking analysis of several commonly used

algorithms, including Librosa (McFee et al., 2015), Essentia

(Bogdanov et al., 2013), and Madmom (Bock et al., 2016). Each

algorithm was evaluated on a custom corpus of 500 audio clips

spanning four musical genres (disco, hip-hop, blues, and classical),

using beat annotations from the GTZAN (Marchand et al., 2015)

dataset as ground truth.

Madmom consistently achieved the highest alignment with

the annotated beat positions across genres and tempo ranges. As

a result, it was chosen for integration into our synchronization

analysis pipeline.

Madmom leverages recurrent neural networks (RNNs) trained

on annotated audio datasets to predict beat positions with high

temporal precision. The model processes spectral features and

outputs a beat activation function, assigning to each audio frame

a probability of containing a beat (Figure 6).

Beat positions and tempo estimates were extracted for

each of the nine musical stimuli used in the experiment and

stored for synchronization scoring. Beat division categories

(binary, swing, ternary) were determined using GTZAN

rhythm annotations to ensure accurate classification and

track selection.
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FIGURE 3

User interface of the “SYNC Beat M4S” software.

3.2 Motion capture and motion beat
estimation

3.2.1 Motion capture
Recent advances in deep learning have enabled markerless

motion capture, removing the need for traditional systems

that require physical markers. Using only a standard webcam,

state-of-the-art frameworks such as MediaPipe (Zhang et al.,

2020) now allow for real-time and highly accurate tracking of

human movement.

To validate the accuracy and reliability of MediaPipe for

synchronization analysis, we conducted a separate validation

experiment comparing its outputs to a high-precision optical

motion capture system (Qualisys), which is considered a gold

standard in biomechanical research. Both systems simultaneously

recorded the same set of movements under controlled conditions.

The comparison confirmed that MediaPipe provides sufficiently

accurate temporal and spatial data to be used in sensorimotor

synchronization (SMS) studies, particularly for large-scale and

naturalistic experimental designs where marker-based systems may

be impractical or cost-prohibitive.

MediaPipe was used to extract kinematic data from video

recordings captured at 30 fps. The pose estimation process

followed a two-stage pipeline. First, a detector module localized

regions of interest containing hands or body parts. Then,

a convolutional neural network (CNN)-based estimator

predicted two-dimensional (x, y) keypoints for each relevant

anatomical feature. This model, trained on heatmaps and offset

regressions, provides dense keypoint information from monocular

video input.
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MediaPipe outputs landmark coordinates that represent key

points on the human body. For hand tracking, the system identifies

21 keypoints per hand, enabling precise analysis of finger tapping

movements. For whole-body tracking, the model provides 33

keypoints, which are essential for analyzing arm swing trajectories.

TABLE 1 Musical tracks used in the experiment, organized by beat

division, beat per minute (BPM), and time signature (TS).

Beat
division

Song title Artist BPM TS

Binary Back off

Boogaloo

Donna summer 89.46 4/4

Heartless Evelyn Thomas 104.94 4/4

Sing a song Earth, Wind

and fire

122.00 4/4

Swing Pocket full of

gold

Vince Gill 81.84 3/4

I’ve got the

world on a

string

Coleman

Hawkins

106.61 4/4

Is this love Bob Marley 122.25 4/4

Ternary Piano Sonata

No. 21 in B flat

Franz Schubert 83.17 9/8

Lonesome

trouble

Magic Slim and

The Teardrops

105.74 12/8

Symphony No.

35 in B flat

major

Franz Joseph

Haydn

129.00 9/8

After extracting the keypoints, a series of custom Python

scripts processed the data to detect motion beats. These motion

beats correspond to timestamps where body movement aligns

with the musical beat, enabling an objective evaluation of

synchronization performance.

Figure 7 illustrates the full architecture of the video capture and

processing pipeline used in this study.

3.2.2 Finger tapping
In the finger tapping task, motion beats were identified

by measuring the Euclidean distance between the thumb and

index finger. A beat was detected when this distance approached

zero, indicating physical contact between the fingers. The

detection process involved two main steps. First, the system

identified the contact time by locating local minima in the

distance signal. Then, a peak-finding algorithm was used to

automatically extract candidate motion beats from the time

series data.

Figure 8 presents the analysis of finger spacing and the

corresponding motion beats, with visual annotations highlighting

keyframes that mark detected contacts.

3.2.3 Arm swing
In the arm swing task, motion beats were detected by tracking

changes in the direction of wrist movement. Each reversal in

movement direction was treated as a beat. To achieve this, a

peak detection algorithm monitored consecutive frames for stable

changes in movement direction, marking the transition points.

FIGURE 4

Comparison of binary, ternary, and swing rhythms in music.
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FIGURE 5

Workflow of the SYNC Beat M4S software, that lies in three interconnected blocks: musical rhythmic feature extraction, human movement feature

extraction and synchronization analysis.

FIGURE 6

Signal flow of the Madmom beat detection/tracking framework (Bock, 2016).

FIGURE 7

System architecture of the video capture and processing pipeline for human pose estimation.

The frame index just before each directional change was recorded

as a motion beat candidate. Finally, the extracted motion beats

were aligned with the corresponding musical beats to evaluate

synchronization performance.

Figure 9 illustrates the wrist’s x-coordinate trajectory (black

line), showing directional changes (in blue) and the identified

motion beats (in green), which correspond to the reversal points

in the arm’s swing cycle.
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FIGURE 8

Analysis of finger spacing and motion beat detection with visual annotations.

FIGURE 9

Analysis of signal direction change, keypoint tracking, and motion beat detection with annotated keyframes.

3.3 Scoring synchronization

Synchronization between participants’ movements and musical

beats was assessed by aligning the detected motion beat positions

with the corresponding musical beat positions. The analysis was

restricted to the interval between 3 and 28 seconds of each trial.

This aimed to avoid transient effects at the beginning and end of the

audio, and to provide participants a short adaptation period before
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FIGURE 10

Synchronization of finger tapping signal and audio waveform with detected music and motion beats.

their synchronization performance was evaluated and ensured that

the extracted measures reflected more stable and representative

movement patterns.

The number of beats analyzed varied depending on the tempo

condition. For instance, fast-tempo stimuli yielded more beat

events than slow-tempo stimuli. However, synchronization scores

were computed as normalized metrics, ensuring that the results

remain comparable across tempo conditions. An example of beat

alignment during tapping tasks is shown in Figure 10.

Two primary metrics were used to quantify

synchronization Bayd et al. (2024). The Gaussian Score measured

synchronization accuracy by computing the temporal difference

between motion beats and musical beats. This score applied a

Gaussian function, where the parameter σ controlled the tolerance

for deviation – allowing the evaluation to be more or less strict

depending on the selected value. Higher scores indicated closer

alignment to the target beats.

In addition, Mean Vector Length (R) was used to assess

synchronization regularity. This measure was based on the relative

phase between motion and beat, capturing the consistency of

movement timing. Higher R values indicated that the participant

maintained a more stable rhythm over time.

For each participant, synchronization scores were compiled

along with task type, tempo, beat division, and musical expertise.

This structured dataset enabled a detailed evaluation of

performance across experimental conditions and provided

insights into how tempo, rhythm structure, and prior musical

training influence sensorimotor synchronization with music.

4 Results

To ensure the reliability of the analysis, five participants were

excluded based on predefined performance criteria. Specifically,

participants with a synchronization score below 0.3 on more than

five trials were removed from the dataset. Among these, one

belonged to the musician group and four to the non-musician

group. This exclusion aimed to retain only participants who

demonstrated a minimum level of engagement with the task and

produced usable data for analysis.

TABLE 2 Summary of significant e�ects from the ANOVA model testing

the influence of musical expertise, task type, tempo, and beat division on

synchronization performance.

Source Sum Sq Df F PR(> F)

Expertise 0.97 1 24.39 1.44e-06 < 0.001

Task 0.81 1 20.26 1.04e-05 < 0.001

Tempo 1.95 2 24.48 1.96e-10 < 0.001

Beat division 0.64 2 8.00 4.28e-04 < 0.001

Expertise× task 0.41 1 10.38 1.50e-03 < 0.001

Only effects with p < 0.01 are reported in this main table.

We tested whether the data met the assumptions for parametric

analysis. The normality of the dependent variables was assessed

using the Shapiro − Wilkstat = 0.98. This test confirmed that the

data met the assumptions required for conducting an ANOVA.

A single, comprehensive ANOVA was conducted to assess

the effects of musical expertise (musicians vs. non-musicians),

task type (tapping vs. arm swing), tempo (slow, medium, fast),

and beat division (binary, swing, ternary) on synchronization

performance.1 The main findings are reported in the reduced

ANOVA Table 2, which includes only significant main effects

(Expertise, Task, Tempo, Beat Division) and interactions (Expertise

× Task).

Figure 11 presents corresponding boxplots with overlaid

individual data points for each condition. These visualizations

allow direct comparison between musicians and non-musicians

and highlight variability across tasks and rhythmic conditions.

Expertise had a significant impact on synchronization

performance, F(1,250) = 24.39, p < 0.001, indicating that musicians

consistently outperformed non-musicians across both tasks.

The main effect of task was also significant, F(1,250) = 20.26, p

< 0.001, showing that the type of movement (tapping vs. arm

swing) influenced synchronization accuracy. Participants generally

1 ANOVA: Score ∼ Expertise × Tempo × Beat Division × Task.
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FIGURE 11

Individual synchronization scores across task conditions. Each point correspond to a trial boxplots show the distribution of synchronization scores

(Gaussian score) across experimental conditions: musical expertise (musicians vs. non-musicians), task type (tapping vs. arm swing), tempo (slow,

medium, fast), and beat division (binary, swing, ternary). Individual data points are overlaid to visualize intra-group variability.

performed better in the tapping task, as reflected in higher

Gaussian scores.

Tempo had a substantial effect as well, F(2,250) = 24.48,

p < 0.001, with synchronization accuracy declining as the

tempo increased from slow to fast. The beat division factor was

significant, F(2,250) = 8.00, p < 0.01, with synchronization accuracy

decreasing in the following order: binary, swing, and ternary.

This shows a clear preference for binary division in terms of

better synchronization outcomes. These effects were consistent

across both tasks and expertise levels, as shown by the absence

of significant interactions involving tempo and beat division with

other factors.

Interestingly, the interaction between expertise and task was

significant, F(1,250) = 10.31, p < 0.01, indicating that the advantage

of musicians over non-musicians was more pronounced in one

task compared to the other. The boxplots in Figure 11 suggest that

this difference was particularly evident in the tapping task, where

musicians showed higher synchronization accuracy and regularity,

as indicated by both the Gaussian score and mean vector length.

4.1 Post-hoc analysis of expertise and task
interaction

To further explore and clarify the interaction between expertise

and task, a post-hoc Tukey HSD test was conducted. In the

remainder of this section, we refer to non-musicians as NS and

musicians as SM.

The results revealed significant differences specifically between

the tapping task for musicians (SM-Tapping) and non-musicians

(NS-Tapping), with a mean difference of 0.2261(p < 0.01),

TABLE 3 Post-hoc Tukey HSD test results for expertise × task interaction,

showing mean di�erences, adjusted p-values (p-adj), and whether the

null hypothesis was rejected (reject).

Group 1 Group 2 Mean p-adj Reject

NS_Arm NS_Tapping 0.0336 7.95e-01 False

NS_Arm SM_Arm 0.0382 7.26e-01 False

NS_Arm SM_Tapping 0.2261 1.00e-04 True

NS_Tapping SM_Arm 0.0046 9.99e-01 False

NS_Tapping SM_Tapping 0.1924 1.00e-04 True

SM_Arm SM_Tapping 0.1879 1.00e-04 True

confirming that musicians performed significantly better in the

tapping task. Additionally, significant differences were observed

between SM-Tapping and SM-Arm (mean difference= 0.1924, p <

0.01), as well as between SM-Tapping and NS-Arm (mean

difference = 0.1879, p < 0.01). These findings are summarized in

Table 3, which shows the mean differences, adjusted p-values, and

whether the null hypothesis was rejected.

The post-hoc analysis did not find significant differences

between musicians and non-musicians in the arm swing task nor

between the arm swing tasks of both groups. This indicates that the

advantage of musical expertise is more task-dependent and most

pronounced in the tapping task.

These results highlight the importance of task type in

moderating the effect of musical expertise on synchronization

performance. The tapping task, which requires fine motor control,

may better leverage the rhythmic skills developed through musical
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FIGURE 12

Interaction plot showing synchronization performance across tasks and expertise levels.

training compared to the arm swing task, which involves larger, less

precise movements.

Figure 11 illustrates this interaction between musical expertise

and task type, showingmean synchronization scores for each group

(musicians vs. non-musicians) across both tasks (tapping and arm

swing). As shown in Figure 12, both groups performed better in the

tapping task than in the arm swing task. However, the improvement

from arm swing to tapping was substantially greater for musicians

than for non-musicians.

This interaction suggests that musical expertise had a

particularly strong effect in the tapping condition, which requires

fine motor control and precise timing. In contrast, the benefit of

expertise was less pronounced in the arm swing task, which involves

broader andmore variable movements. These findings indicate that

the impact of musical training on synchronization may depend on

the motor demands of the task.

5 Discussion

One of the primary aims of this study was to bridge

the gap between controlled laboratory-based sensorimotor

synchronization (SMS) research and more naturalistic

movement contexts. While traditional SMS studies have

typically relied on simple and controlled tasks–such as finger

tapping to metronomes or isochronous tones–to maximize

internal validity and isolate specific timing mechanisms

(Repp, 2005; Repp and Su, 2013), our approach prioritized

ecological validity by using full-body movements and real-world

musical stimuli.

We recognize that using real musical excerpts introduces

greater variability in terms of rhythm, instrumentation, and genre

characteristics, potentially influencing synchronization behavior

in ways that are less predictable. For instance, genre-specific

features such as the use of syncopation in jazz or the

polyrhythmic textures in classical or swing pieces may modulate

beat perception and motor alignment differently. While we

controlled for beat division and tempo, future studies could

explore more systematically how specific musical properties–such

as instrumentation, groove, or harmonic complexity contribute to

synchronization performance.

In comparing our findings with classical SMS research, we

note both convergence and divergence. As with many traditional

studies, we observed that synchronization accuracy decreases with

increased rhythmic complexity (e.g., ternary and swing divisions

vs. binary). However, the additional influence of motor modality

(tapping vs. arm swing) and musical expertise highlights the

complexity of synchronization in real-world settings. Our results

suggest that ecological paradigms can still replicate key SMS

findings while revealing new interaction effects not typically

observed in simplified tasks.

The findings of this study strongly support our initial

hypothesis that both musical expertise and the inherent properties

of rhythmic stimuli (such as tempo and beat division) significantly

influence synchronization performance. Across both finger tapping

and arm swing tasks, musicians consistently outperformed non-

musicians in synchronization accuracy and regularity. This aligns

with prior research indicating that musical training enhances

sensorimotor synchronization abilities (Repp, 2010; Repp and

Doggett, 2007; Krause et al., 2010).
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5.1 E�ects of tempo and rhythmic
complexity

Our results further demonstrate that tempo and rhythmic

complexity play a crucial role in synchronization. Slower

tempos and simpler rhythmic structures (e.g., binary rhythms)

facilitated more accurate and consistent synchronization. This

finding is consistent with prior studies (Mathias et al., 2020;

Rose et al., 2021; Hammerschmidt and Wollner, 2020), which

show that increasing rhythmic complexity negatively impacts

synchronization. In particular, (Møller et al., 2021) demonstrated

that listeners naturally perceive and synchronize better with

binary rhythms, reinforcing our observation that binary structures

provide a perceptual and motor advantage over ternary or

swing rhythms.

Moreover, the nature of movement itself influenced

synchronization performance. Finger tapping, a discrete and

precisely controlled action, yielded higher synchronization

accuracy compared to arm swing, which involves larger and

more continuous movements. This echoes findings from Peckel

et al. (2014), suggesting that movement precision influences

synchronization efficacy. However, this raises an open question:

do musicians excel in tapping tasks simply due to their training,

or does the complexity of larger motor movements inherently

challenge synchronization? Future research could investigate

whether musicians trained in movement-based disciplines (e.g.,

dancers or percussionists) exhibit advantages in synchronizing

broader limb motions.

5.2 Cultural considerations in
synchronization

All participants in this study were from Western cultural

backgrounds, where binary rhythms and duple meters (e.g., 4/4

time) are dominant in everyday musical exposure. This cultural

familiarity may have contributed to the observed preference for

binary rhythms. Prior research has shown that rhythmic perception

and synchronization abilities can vary across cultural contexts due

to differences in exposure to specific metrical structures (Cameron

et al., 2015).

For example, west African music–particularly from cultural

groups such as the Ewe and Yoruba–features complex

polyrhythmic drumming practices (Dor, 2014; Tchetgen,

2024). These rhythmic systems are structurally different

from Western binary meters and may shape sensorimotor

synchronization in distinct ways. Future studies should aim to

compare synchronization performance across culturally diverse

populations to better understand how rhythmic enculturation

influences movement coordination.

5.3 Practical implications

5.3.1 Music therapy and rehabilitation
Understanding how tempo and rhythmic structure influence

synchronization has direct implications for music therapy and

rehabilitation. Rhythmic auditory stimulation has been shown

to improve motor coordination in patients with Parkinson’s

disease (Cochen De Cock et al., 2018) and stroke survivors (Raglio

et al., 2017). Our findings suggest that using slower tempos

and binary rhythms may optimize therapeutic interventions by

enhancing movement synchronization.

5.3.2 Dance and athletic training
In dance, synchronization withmusical rhythm is fundamental.

Our results highlight that rhythmic complexity affects movement

coordination, which has implications for dance instruction. Novice

dancers may benefit from starting with slower, simpler rhythms

before progressing to more complex patterns (Karageorghis et al.,

2019). Similarly, in sports training, structured rhythmic timing

has been shown to enhance motor performance (Ronnqvist et al.,

2018). The integration of rhythm-based training could be beneficial

in disciplines requiring precise timing, such as gymnastics or

martial arts.

5.3.3 Human-computer interaction and AI
applications

In human-computer interaction, rhythm synchronization

insights can guide the development of interactive systems

such as rhythm-based games or AI-driven music applications.

Games like Beat Workers (Beat Workers Team, 2023) leverage

rhythm-based challenges to enhance user engagement. Future

AI-driven models could refine real-time movement-to-music

synchronization, extending applications to interactive dance

training, virtual reality, and motion-controlled gaming.

5.4 Future directions and AI-driven
synchronization

Beyond traditional signal processing approaches, AI-based

methods hold promise for advancing synchronization research.

Deep learning architectures—such as Transformers or Temporal

Convolutional Networks (TCNs)—could model movement-to-

music relationships in a data-driven manner, bypassing manual

beat detection. A multimodal AI model integrating computer

vision (e.g., CNNs or Vision Transformers) with audio processing

could enable real-time synchronization between human movement

and musical rhythm. However, such advancements require

extensive annotated datasets and highly optimized real-time

performance models.

6 Limitations

While the present study provides novel insights into movement

synchronization across rhythmic structures and expertise levels,

several limitations must be acknowledged.

First, the participant sample was relatively small (n = 24)

and drawn entirely from the same academic institution. This

introduces potential selection bias and limits the generalizability
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of the findings. Moreover, group assignment (musicians vs.

non-musicians) was based on self-report without the use

of standardized musical sophistication indices such as the

Goldsmiths MSI.

Second, the study did not include detailed assessments

of participants’ prior dance or movement experience, which

could influence synchronization ability independently of musical

training. Similarly, although efforts were made to minimize

recognition effects, we cannot entirely exclude the influence of

stimulus familiarity, particularly for genre-specific tracks.

Third, genre distribution across beat divisions was not balanced

due to constraints in the available database. For example, binary

stimuli were predominantly from the disco genre, while ternary

examples includedmainly classical music. This imbalancemay have

affected participants’ responses and should be addressed in future

studies using more controlled stimuli.

Finally, although age was relatively homogeneous in our sample

(mean age 22), it was not matched across groups, and no age-

specific analyses were performed. Future research should explore

potential age-related effects more systematically.

Despite these limitations, the study lays important groundwork

for future research in embodied music cognition and rhythm

perception using accessible motion tracking tools.

7 Conclusion

This study has demonstrated that both musical expertise

and the inherent properties of rhythmic stimuli–specifically

tempo and beat division–play crucial roles in influencing

synchronization between body motion and musical rhythm.

Musicians consistently exhibited higher synchronization accuracy

and regularity compared to non-musicians, particularly in tasks

involving finger tapping and arm swing. Additionally, our findings

highlight that slower tempos and simpler rhythmic structures,

such as binary rhythms, facilitate more precise and consistent

synchronization. These results align with prior research on

sensorimotor synchronization and contribute new insights into

how rhythmic complexity affects movement timing.

Beyond its theoretical contributions, this study has practical

implications across multiple fields, including music therapy, dance,

and human-computer interaction. Understanding how rhythmic

structure and tempo influence synchronization can aid in the

development of targeted interventions for motor rehabilitation,

optimize choreographic designs, and enhance user experiences

in interactive systems such as rhythm-based games and virtual

training environments.

A key strength of this study is the methodological framework,

which enables precise control over experimental conditions while

ensuring efficient data collection and management. Using only a

simple webcam and our custom software, this system provides

a portable and accessible solution for researchers investigating

sensorimotor synchronization. This approach facilitates studies

in diverse environments, particularly for experiments involving

simple movement tasks.

Despite these advancements, certain limitations should be

acknowledged. MediaPipe’s markerless tracking technology,

while effective, is occasionally prone to misclassification errors,

particularly under challenging lighting conditions or when hands

are partially occluded. Additionally, the beat-tracking models

used, though generally reliable, exhibited difficulties in processing

complex musical structures and tempo fluctuations. Lastly, while

the proposed system is scalable, further optimization is necessary

to ensure robustness across a wider range of musical genres and

movement types.

Future research should aim to address these limitations

by integrating more advanced motion-tracking techniques and

improving beat-tracking algorithms to accommodate diverse

musical styles. Moreover, expanding investigations to include

culturally diverse populations and more complex movement

patterns will provide deeper insights into the universality

and variability of synchronization mechanisms. With continued

refinement, this line of research holds significant potential for

advancing our understanding of the intricate relationship between

body motion and musical rhythm, paving the way for novel

applications in both scientific and applied domains.
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