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Summary. Quantification of time series that relate to physiological data is chal-
lenging for empirical music research. Up to now, most studies have focused on time-
dependent responses of individual subjects in controlled environments. However,
little is known about time-dependent responses of between-subject interactions in
an ecological context. This paper provides new findings on the statistical analysis of
group synchronicity in response to musical stimuli. Di!erent statistical techniques
were applied to time-dependent data obtained from an experiment on embodied
listening in individual and group settings. Analysis of inter group synchronicity are
described. Dynamic Time Warping (DTW) and Cross Correlation Function (CCF)
were found to be valid methods to estimate group coherence of the resulting move-
ments. It was found that synchronicity of movements between individuals (human-
human interactions) increases significantly in the social context. Moreover, Analysis
of Variance (ANOVA) revealed that the type of music is the predominant factor in
both the individual and the social context.
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1 Introduction

The analysis of human body movement is relevant for a number of research
areas such as therapy and rehabilitation [1], sports [2], bioinformatics [3] and
neurology [4]. Also in empirical music research, there is a growing interest
in how the human body moves and responds to music [5, 6, 7]. However,
the study of music-driven human body movement is complex because it has
to deal with several factors that introduce variability on top of music-driven
time varying data, such as the neural-muscular-skeletal variability among sub-
jects, the variability in response patterns of single subjects due to learning and
training, or the subjects’ background (gender, culture) [8]. The present study
relies on Leman’s model of music communication, which is based on the no-
tion of embodiment [9]. The human body is thereby considered as a natural
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mediator between mind and physical environment. In this paper, we focus on
Leman’s social factor [10] of the above music communication model by study-
ing music-driven body movement of a group of people whose social interaction
is taking place in ecological conditions. Music is thereby seen as a social phe-
nomenon and the quantification of social interaction is considered to be a key
factor for the development of future electronic mediation technologies and
applications. So far, most studies on music-driven body movement have been
carried out in controlled laboratory conditions, often with single subjects, lim-
ited to simple motor tasks [11, 12]. Although some studies have focused on
group behavior, few studies have studied music-driven body movement in real
life (ecological) environments [13]. In this paper we test the hypothesis that
humans move more synchronous to the beat of the music and with each other
in group than in an individual setting. To test the above hypothesis we rely
on di!erent methods yet all methods share a common approach, namely, the
definition of similarity measures, which is then applied on the Multivariate
Time Series (MTS) matrices. This paper is organized as follows: in section 2
the experimental design and data considerations are reviewed, section 3 deals
with the analysis, discussion and conclusions are given in sections 4 and 5.

2 Experimental Design and Data Considerations

The experiment was carried out during the Accenta 2007 exhibition in Ghent,
where groups of four subjects moved remote Wii sensors while listening to
(recorded) music. Sixteen groups of four adolescents participated in the exper-
iment (mean age sixteen). Audiences could watch the performances of these
groups. Each group had to perform the task in two conditions, namely, an
individual condition, where the participants were blindfolded, and a social
condition, where the participants could see each other. Each group had to
move in response to 6 pieces of music. Each piece lasted about 30 seconds.
For a more detailed description of the experimental setup see [14, 15]. The
acceleration data from the remote Wii sensors were registered wireless on-line
on a laptop computer via the Bluetooth protocol in a PD patch and sampled
at a 100Hz rate. Given the design of the experiment (16 groups, 4 participants
per group, 6 musical excerpts, 2 conditions, 3 axes), this resulted in 2304 time
series with length N = 3000 (30 seconds x 100 samples/second). In order to
avoid the influence of hesitations and confusions at the beginning and the end-
ing of the task, a 5-25 second interval of the time series was chosen for further
analysis, instead of the recorded 0-30 seconds. The x, y, z dimensions of the
accelerometer of the Wii sensor were further reduced to one single dimension,
using the formula

ati =
!

(a2
x(ti) + a2

y(ti) + a2
z(ti)

where ati is the global value at time i, and ax(ti) the acceleration value
for dimension x. Inspection of the resulting time series revealed di!erences in
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the range of the accelerations (strong and weak responses). As the occurrence
in time of acceleration changes is of interest in this analysis rather than the
intensity the amplitude of the calculated accelerations was rescaled to an [0,1]
interval. Due to the definition of the total acceleration the minimum value of
the series is 0 hence rescaling was based on the division of the values by the
maximum value in the corresponding time series.

3 Analysis

Before analysis, the time series were tested for stationarity, as it is well known
that this condition has a great influence on the stability of correlation coef-
ficients [16]. The Unit Root test was used to investigate possible deviations
from stationarity. It was found that this assumption could not be accepted in
the majority of the MTS. Possible explanations for this observation are drift
of the Wii sensors due to the end of the lifetime of the batteries or failing
Bluetooth connectivity. Therefore, trend removal was used to obtain station-
ary MTS. Dynamic Time Warping (DTW) was then used in order to deal with
small anticipations and delays in human movement [17]. In this study, we ap-
ply a multivariate DTW and a similarity measure based on the cost function.
Constraints were introduced in order to speed up DTW calculations. A Sakoe-
Chuba band [18] with a width of 100 was selected which accounts for a 2.5 %
range. A cumulative distance matrix was then used to find the optimal path,
by applying dynamic programming. DTW was calculated for all 6 possible
combinations in the MTS (4x2001) series within each group. Fig.1 shows a
fraction of the time series of 1 group (four subjects) before (left panel) and
after warping (right panel).

Fig. 1. Original (left) and corresponding warped (right) accelerations (Group1
Song1)

The warped MTS were then inspected for normality of the residuals of the
di!erences between subjects within the group. It was found that, after warp-
ing, normality of the residuals could be accepted (Kolmogorov-Smirnov, ! =
0.05), which was not the case for the original series. The benefit of DTW was
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investigated by comparing the cross correlations of the original and the corre-
sponding warped series. In the example it can be seen that in the individual
context Wii1, Wii3 and Wii4 move in a similar way whilst Wii2 shows a dif-
ferent pattern. Cross correlation on the original series show moderate to very
low correlations with 2 non-significant values. The DTW data show higher
and significant correlations in all inter subject combinations (Table 1). Each
cell in this table represents the correlation (upper row) and the correspond-
ing significance (bottom row) between the subjects. We define the similarity
between subject movements as Sij = (1-Corrij) with Sij between 0 and 1, low
values indicating a high (closer related) inter subject synchronicity.

Table 1. Example of correlation and significance values in individual and social
conditions

To obtain a measure for group coherence, correlations were averaged for
each group, song and condition. A geometric representation of Sij can be used
as a tool to classify groups. The plot is constructed by positioning the 4 par-
ticipants of a group so that the distances (length of the lines) are proportional
to the similarities. In the example (Fig. 2, left), the subjects handling Wii1,
Wii3 and Wii4 move synchronous, while the subject that is handling Wii2
shows a di!erent pattern in the individual condition. However, in the social
condition (Fig. 2, right) the coherence improves (Wii2 moves along with the
other participants).

Fig. 2. Geometric representation of within group simularities

A plot of the obtained values (individual versus social) indicates a possible
nonlinear trend (Fig. 3). The coherence of a group seems to be proportional
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to the degree of di"culty of the song. For instance, song 4 was well known
by the participants and had a clear beat. Even in the individual condition,
subjects were able to synchronize very well with the music. Hence the improve-
ment of the group coherence of the social condition was low in this case. On
the other hand, song 3 was found di"cult and unknown by the participants,
resulting in a higher e!ect of the social condition on the group coherence. Uni-
variate ANOVA analysis was used to investigate the e!ect of condition and
song. Homogeneity of variance (Modified Levene, ! = 0.05) and normality
(Kolmogorov-Smirnov, ! = 0.05) could be accepted.

Fig. 3. Social versus Individual correlations (dashed lines represent 95 % interval)

The test indicates that the type of song was the dominant factor while the
e!ect of condition is rather weak but significant. No interaction (condition x
song) was observed. A Tukey analysis reveals that the songs can be grouped in
3 subsets (S3, S5), (S2) and (S1, S6, S4). Finally the DTW cost function was
evaluated. Several cost functions have been proposed. For this study the total
cost was based on the Euclidean distance of the corresponding warped (xi,yj)
pairs. Univariate ANOVA was used to estimate the e!ect of song and condition
on the DTW cost. It was found that the warp cost depends mainly on the song
and that there is a small decrease in the social condition except for song 4,
which has the lowest cost. In order to test the validity of the above method a
separate experiment was set up. The subjects of this experiment were bachelor
students of musicology (average age 22) who did the same experiment as
the Accenta setup in the laboratory at IPEM. The group coherences were



6 Frank Desmet, Marc Leman, Micheline Lesa!re and Leen De Bruyn

calculated and compared with the results of the experiment. As only 3 groups
were involved the results are only indicative but nevertheless they reveal some
interesting information. First of all it can be seen that the social vs. individual
coherences of the students are comparable with the results of the Accenta
experiment (Fig. 4).

!"#$%&'#"(%#$)*"+$#%
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3+*-4-*)'/%

Fig. 4. Comparison of Accenta and student correlations

On the other hand, there are di!erences over the songs. Song 3 has much
higher levels for subjects from musicology, than for the subjects of the Accenta
experiment. This can be explained by taking into account that the students all
have a musical education background and hence familiar with baroque music.
Songs 1, 2, 4 and 6 all show a high coherence for the students indicating a
possible e!ect of age. Song 5 shows an improvement but has low values when
compared to the other songs. Song 5 had the most complex rhythm and was
influenced by oriental elements. An e!ect of cultural background may be a
possible explanation.

Alternatively, the human-music interaction was studied based on the
amount of seconds the participants synchronized correctly with the nomi-
nal tempo of the music. This is calculated from the norm of the raw data
for each block of two seconds by applying a fast fourier transform (FFT)
over a 4-second moving window with a 2-second overlap. The dominant peak
in the fourier transform is identified and compared with the nominal beats
per minute (BPM) of the excerpt for deciding on the correctness of the syn-
chronization. Also the half and double of the nominal BPM were considered
as correct. For more detailed information about this method see [14, 15].
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Based on the obtained scores, the impact of a social context on synchroniza-
tion was studied using ANOVA analysis. Homogeneity of variances (Modified
Levene test, !=0.05) and normality (Kolmogorov-Smirnov, !=0.05) could be
accepted. Results show that synchronization results of the participants are
significantly higher in the social condition compared to the individual condi-
tion (Anova, !=0.05). The main e!ects are visualised in an interaction plot
in Fig. 5.

Fig. 5. Visualisation of the mean synchronization results per song in the individual
and social condition

As can be seen in Fig. 5, the songs themselves have a great impact on the
synchronization results. A multiple comparison Tukey analysis shows that
participants score significantly lower for songs 3 and 5 than for songs 1, 4 and
6, while the results of song 2 are somewhere in between. This can be explained
by the rhythmical complexity of the songs: songs 1, 4 and 6 are pop songs with
a very clear beat, songs 3 and 5 can be interpreted either binary or ternary,
whereas song 2 can only be interpreted binary but has an unclear beat.

4 Discussion

For the MTS data in the experiment presented here, in which subjects were
asked to synchronize with the beat of the music, identical results are obtained
with the analysis of human-human synchronisation based on DTW and the
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analysis of human-music synchronisation based on FFT (Fast Fourier Trans-
form) [14, 15]. This indicates the validity of the DTW-based method to analyze
movements to music of multiple subjects, which can now be applied to the
study of human-human interaction in more generic movements to music. Al-
though the data were collected in an ecological setting with several unknown
sources of variance, it was shown that the e!ect of song and condition can be
quantified. The impact of the characteristics of the music is the predominant
factor and this is in agreement with the model of musical communication on
which this study is based. Humans can indeed decode the intentionality of the
music and translate the energy input into movements as a function of musical
content. Both in the individual and social context this can be quantified. In
the social condition there is a benefit as a consequence of imitation e!ects
during the social interaction. The results clearly show that group coherence
improves when people move together. Whether this is only the result of direct
human-human interaction or that other factors such as presence of public play
a role, is not yet clear. The results of the group coherence measure are in good
accordance with the analysis of the other variables derived from the collected
data. Up to now it is not possible to separate the human-human interaction
from the human-environment one in an ecological setting. In order to improve
this type of experiment a new experimental design was proposed. In this de-
sign the subjects are not blindfolded in the individual condition, but separated
using screens, and 10 songs with carefully selected properties are chosen. A
drawback from the Accenta data was the lack of consistent information of the
participants’ background. The pre-survey could not be used for analysis due
to unbalanced results and information about the experience of the subjects
during the experiment (post-survey) was not available. In future experiments
the use of properly designed surveys need to be included in the experiments.
Large scale user studies for use of the analysis of human-music relationships
has been proven to be of great importance [19]. Finally additional measure-
ments such as video analysis and more sensors per subject are recommended
in order to refine the analysis. On the analytical level improvement of the
applied techniques and the use of new methods will be investigated. At this
moment Correlation optimized DTW based on PCA analysis [20] and quan-
tification of complexity and determinism of the movement data are tested [21].
Another important issue is the reduction of calculation time of DTW. Several
methods will be tested in the nearby future [22].

5 Conclusion

In this study di!erent statistical techniques were tested for the analysis of hu-
man movements to music. Using DTW in combination with CCF and ANOVA
it was found that the type of music is the dominant factor of the inter group
movements as a response to music stimuli. The e!ect of condition is low but
significant, even in the ecological setting of the experiment. Using DTW and
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CCF it is possible to quantify interactions and to classify groups by coherence.
The outcome of this study enables also to define a statistical path as a tool for
researchers and as a guideline for appropriate experimental designs for future
research.
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