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Abstract: We analyzed the correlation structure of 

discrete relative phase series in bimanual in-phase 

and anti-phase coordination by associating a number 

of fractal methods and using discrete rather than 

continuous relative phase measurement. 

ARFIMA/ARMA modeling provided statistical 

evidence for the presence of long-range correlation, 

and the series were unambiguously characterized as 

1/f 
β
 noise. Diverging accounts of bimanual 

coordination are defended in the literature. Because 

the evidence for 1/f 
β
 noise provides new insight into 

the properties of stability in coordination, it should 

be considered as an empirical criterion for 

determining which mechanisms are likely to be 

engaged in bimanual coordination models. We 

discussed some implications for studying the neural 

basis of coordination, and we tested the performance 

of three current models in accounting for 1/f 
β
 noise 

in discrete relative phase. None of these models was 

proven to generate the expected correlation 

structure. 

_________________ 

The recurring and ubiquitous manifestation of 

coordination principles across different time scales, 

organisms and physical systems with little in 

common suggests that universal and non-specific 

principles might be engaged. In the domain of human 

behavior, bimanual coordination tasks represent a 

dominant experimental paradigm (Kelso, 1995), and 

the properties of organizing and/or disorganizing 

processes within a system can be explored as these 

tasks are performed. The dynamic systems approach 

that underlies the bimanual coordination paradigm 

focuses on the variability of relative phase (φ ), 

which describes the spatio-temporal relationship 

between two oscillating limbs. In this approach, the 

bimanual coordination system is considered to be 

self-organized, meaning that “order” and spontaneous 

adaptations emerge from the intrinsic properties of a 

system that is likely to be constrained by changeable 

external factors. Self-organizing phenomena 

necessarily occur in complex systems, with multiple 

interactions between their components. The emerging 

behavior possesses specific properties of stability. In 

the bimanual coordination framework, two 

preferential coordination patterns, in-phase (φ =0°) 

and anti-phase (φ =180°), have been evidenced. 

These two attractors define zones of intrinsic 

stability. Because the in-phase pattern is intrinsically 

more stable than anti-phase, a spontaneous transition 

from anti-phase to in-phase, preceded by a critical 

increase in relative phase fluctuations, occurs at the 

individual’s critical oscillation frequencies. 

Variability analyses have constituted a basis for 

developing bimanual coordination models, notably 

with regard to two currently challenging frameworks: 

the HKB model (Haken, Kelso & Bunz, 1985; 

Schöner & Kelso, 1988) and the multiple timer model 

(Ivry & Richardson, 2002). For both models, 

however, the characterization of coordination 

variability is limited to relative phase variance. Thus, 

variability is only considered in terms of (relative) 

magnitude and the possible correlation structure of 

fluctuations in time is completely disregarded. In 

contrast, we suggest that the focus put on variability 

in bimanual coordination modeling calls for its 

unambiguous characterization and, in this regard, 

white noise is only one particular type of variability 

that appears as an exception rather than a rule in 

nature (Slifkin & Newell, 1998). Specifically, a 

number of systems in steady state have been proven 

to present 1/f 
β
 fluctuations, i.e., highly structured 

variability rather than random fluctuations around a 

mean reference value. Examples include self-esteem 

(Delignières, Fortes & Ninot, 2004), time-intervals 
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production (Gilden, 2001), stride intervals (Hausdorff 

et al., 1997), heart rate variability (Peng et al., 1995), 

and serial force production (Wing, Daffertshofer & 

Pressing, 2004). A deeper analysis of the dynamics of 

relative phase during the performance of stable 

bimanual patterns could be expected to yield similar 

results. 

For most observed phenomena, the collected time 

series present auto-correlation with either positive 

(persistent) or negative (anti-persistent) dependence 

between the successive values. One usually 

distinguishes between short-range and long-range 

dependence (LRD). LRD indicates that the auto-

correlation function presents a very slow power-law 

decay, meaning that a given value in the series 

conserves a statistical memory of very past values 

rather than being influenced only by a few 

immediately preceding values. LRD is the 

fundamental feature of fractal series, and several 

indexes can be used to assess fractal properties. The 

most current is the spectral index β, which represents 

the negative of the linear regression slope in the bi-

logarithmic power spectrum of series. The spectral 

index is related to the Hurst exponent (H), which 

gives the correspondent characterization of series in 

the time domain. In the general procedure for 

characterizing the variability of experimental series 

(Eke et al., 2000), spectral analysis allows an initial 

classification by distinguishing two families of fractal 

processes: (i) fractional Gaussian noises (fGn, for β є 

[-1,1]), representing stationary series, and (ii) 

fractional Brownian motions (fBm, β є [1,3]), 

representing non-stationary series whose variance 

increases with time following a 2H-power law. An 

fBm is obtained by the integration of an fGn, and 

both are then characterized by the same Hurst 

exponent (H є [0,1]), which is used to categorize 

correlations as persistent (H>0.5) or anti-persistent 

(H<0.5). White noise (H=0.5) is situated in the center 

of the fGn family, at the boundary between persistent 

and anti-persistent processes. 

Within this fGn-fBm continuum, 1/f 
β
 noise, in the 

strict sense, is characterized by β = 1. However, the 

strict definition is usually extended so that 1/f 
β
 noise 

encompasses the range 0.5<β<1.5 (Wagenmakers, 

Farrell & Ratcliff, 2004). The specificity of 1/f 
β
 

noise is that its power is roughly proportionally 

distributed over the different frequencies, resulting in 

a regression slope close to -1 in the log-log power 

spectrum. Thus, dependencies in series arise from the 

high-frequency, low-amplitude fluctuations that are 

nested within the low-frequency, high-amplitude 

fluctuations (Beltz & Kello, 2006). The statistical 

specificity of 1/f 
β
 noise represents a compromise 

between stability and variability and is classically 

found in the global behavior of complex systems. 

Accordingly, 1/f 
β
 noise cannot be considered as 

random background fluctuations when evidenced in 

human behavior. Instead, it appears to play a 

functional role in the maintenance and adaptability 

of systems (Goldberger, 1999). As such, the 

capability of models to account for this special type 

of fluctuation should constitute an important testing 

criterion, which could then orient the efforts to 

improve these models by identifying the mechanisms 

likely to generate 1/f 
β
 noise. In this view, a number 

of models that have been proposed to account for the 

results observed in gait, tapping, or force production 

have been inspired by the characteristic time-scaling 

of 1/f 
β
 noise (Gilden, 2001; West & Scafetta, 2003; 

Wing et al., 2004). 

To our knowledge, only one study has addressed 

the issue of fractal properties in motor coordination. 

Schmidt et al. (1991) analyzed anti-phase 

coordination between the wrists oscillating in the 

sagittal plane. They collected series of continuous 

relative phase (CRP) and applied spectral analyses to 

examine the series’ fractal properties. The results 

showed β indexes ranging from 1.64 to 2.96, 

characterizing CRP as over-diffusive (persistent) 

fBm. Such a result seems counterintuitive and 

surprising. Because the participants performed a task 

using a stable and highly attractive coordination 

pattern, one would expect a meaningful capture of 

coordination to yield stationary series. We argue that 

these results may have been due to the use of CRP, 

which could be inappropriate for analyzing the 

functional variability in coordination.  

In human behavior, cognition, and biological 

processes, fractal methods have essentially been used 

to analyze series of successive discrete performances 

or events (as in the above-mentioned examples). In 

those cases, the addressed variable and the task 

modalities naturally yielded sequences of discrete 

measures, constituting event series rather than 

genuine time series with a constant interval between 

measures (Gilden, 2001). In bimanual coordination 

studies, two types of series are usually computed and 

used for analysis: continuous relative phase and 

discrete relative phase (DRP), which is determined 

once per cycle at the reversal points of oscillations. 

One thus might wonder which measurement of 

relative phase is more meaningful and appropriate for 

addressing the variability properties in coordination. 

CRP and DRP are frequently considered to be 

equivalent (Kelso, 1995), with CRP seen as a higher 

resolution form of DRP that nevertheless contains 

similar information. However, Peters et al. (2003) 

stressed that CRP cannot be used to reliably describe 

the relationship between two signals in the time 

domain, especially when the time series are not 

strictly sinusoidal or when a constant time lag 

appears between signals. Oscillations in bimanual 

tasks are known to be not strictly sinusoidal. The 

typical phase portrait of an oscillator is not circular 

and, accordingly, limb movements have been 

modeled using the equation of a hybrid Rayleigh-Van 

der Pol oscillator (Kay et al., 1987). Moreover, 
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asymmetry (i.e., a slight advance of one oscillator on 

the other one) is commonly observed in bimanual 

coordination and is explained by either different 

eigenfrequencies of the oscillators or asymmetric 

coupling due to handedness (Byblow et al., 1998). 

Peters et al. (2003) showed that for such signals a 

continuous measurement presents important waves 

and drifts, and they recommended the use of CRP to 

describe only the relationship between the 

normalized phase planes of the oscillators, rather than 

the relationship between the two original time series. 

We argue that a meaningful measure for revealing the 

stability of coordination and studying its properties 

should derive from the relative positions of the 

oscillators in time, and thus it should be based on 

DRP. Last, DRP series are not genuine time series 

but are instead event series that capture the temporal 

dispersion of specific events in the coordination of 

the two limbs. Obtaining long-range correlation 

between successive values is thus not a given per se, 

because such dependencies would not be simply 

explicable by the persistent mechanical constraints 

inherent to movement. As such, it would be 

functionally meaningful for coordination.  

Our main aim in this paper was to provide clear 

evidence for the presence of 1/f 
β
 noise in DRP series. 

Generally, 1/f 
β
 noise is assumed to manifest in 

complex systems that are allowed to fluctuate without 

extrinsic constraints (Beltz & Kello, 2006). In this 

regard, a number of studies have reported an 

alteration in the fractal properties of series in 

conditions where systems were in difficulty (see for 

example Chen, Ding, & Kelso, 2001; Hausdorff et 

al., 1997). In order to avoid similar effects in the 

present study, participants performed in-phase and 

anti-phase coordination tasks at a comfortable 

frequency, to ensure that coordination would be bi-

stable. In line with our preceding claims, we 

compared the temporal structures of CRP and DRP 

series, expecting to evidence 1/f 
β
 fluctuations only in 

the latter. Last, we addressed some perspectives for 

neurobiological coordination studies and implications 

for bimanual coordination models, and we tested the 

capability of current models to account for 1/f 
β
 noise 

in DRP series. 

 

METHOD 
Participants and device 

Fourteen participants (11 male and 3 female) 

between the ages of 23 and 46 years took part in the 

experiment. They declared no particular competence 

involving specific coordination between the upper 

limbs and no neurological injury or recent upper limb 

injury. They gave written informed consent and were 

not paid for their participation. Participants were 

seated comfortably with the forearms in a horizontal 

position. They performed bimanual forearm 

oscillations holding two wooden joysticks, 15 cm in 

length, with a single degree of freedom in the frontal 

plane. The positions of the joysticks were adjusted 

to each participant’s morphology. In-phase and anti-

phase oscillations were paced by an auditory 

metronome. In both conditions participants 

performed one complete cycle within the given 

periods, starting with maximal pronation of the 

dominant hand on the beep. They performed 

oscillations with an amplitude of approximately 45° 

on each side of the vertical axis. No physical stop or 

other systematic feedback was given in order to 

maintain this amplitude. The angular displacement of 

the joysticks was captured by two potentiometers. 

Data were collected via a Nanologger (Digimetrie, 

Perpignan, France) analogue interface. The 

experiment was approved by the local ethics 

committee. 

 

Procedure 

The experiment comprised two sessions. The aim 

of the first session was to determine the individual 

critical frequencies. Participants performed 10 trials 

following an incremental protocol (initial frequency: 

1 Hz, with increments of 0.2 Hz and step durations of 

10 seconds). They started in anti-phase and 

maintained this coordination until a spontaneous 

transition to in-phase. We instructed them not to 

resist this transition and we determined the transition 

frequency for each trial. For each participant, the 

critical frequency was defined as the median of the 

observed transition frequencies. 

During session 2, participants performed four 

trials: two in in-phase and two in anti-phase. The two 

conditions were randomly assigned. All trials were 

performed with a comfortable oscillation frequency 

(f) corresponding to 64% of the individual critical 

frequency for each participant. This percentage was 

chosen so that for all participants f represented the 

lowest possible frequency bounded by 1 Hz, which 

was reported as the minimal frequency of comfort 

(Monno et al., 2002). The sampling frequency was 

500 Hz. 

The participants performed at least 1024 cycles 

per trial. Trial durations thus ranged from 9 to 17 

minutes, depending on the imposed frequency. The 

duration of measurement had to strike an optimal 

compromise between the constraints imposed on the 

participants and the minimal time required for 

reliable fractal analyses. Series of 2
9
 or 2

10
 points are 

currently considered to be an acceptable compromise 

(Chen, Ding & Kelso, 1997; Delignières et al., 2005, 

2006; Gilden, 2001). Moreover, it is recommended 

that the estimation of the fractal exponents be 

repeated for a the same condition, notably by 

associating different methods (Delignières et al., 

2005; 2006; Eke et al., 2000; Rangarajan & Ding, 

2002). Therefore, (i) the participants performed each 

condition twice and (ii) we associated different 

methods of analysis in order to obtain the most 

accurate estimations of fractal exponents by 
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averaging (Delignières et al., 2005; Torre et al., 

2007). 

 

Data Analyses 

We applied a bi-directional low-pass Butterworth 

filter (cut-off frequency 15 Hz) to the collected data 

and used an appropriate algorithm for peak detection. 

DRP values (φ , in degree unit) were then computed 

following the point estimate method:  
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where ti and ti+1 represent the timings of two 

successive inflexion points in the dominant hand 

pronation, and τi+1  the timing of the corresponding 

inflexion point in the opposite hand pronation. 

Unintended errors in coordination were not discarded 

from analyses. To avoid shifts in relative phase 

subsequent to such accidents, the following φ  values 

were again computed at corresponding right and left 

reversals.  

Means and standard deviations (SD) were 

computed for each DRP series. In order to test for the 

effect of experimental conditions on coordination 

stability, a two-way ANOVA 2 (Coordination) × 2 

(Trial) with repeated measures on both factors was 

applied on SD. A Greenhouse-Geisser correction was 

applied, and significance was set at .05. 

For the computation of the CRP series, we 

normalized position and velocity within each cycle. 

CRP was determined as the difference between the 

phases of the right- and the left-effector within 

cycles. We retained the first 32,768 points (2
15

) of the 

series for analysis.  

Fractal analysis of the DRP series. A first 

classification of the series as either fGn or fBm is an 

essential step that directs the nature of the following 

analyses (Eke et al., 2000). We used 
low

PSDwe, an 

improvement of the classical spectral analysis that 

has been shown to give more accurate estimates of 

the spectral index (Delignières et al., 2006). It differs 

from classical spectral analysis by three pre-

processing operations performed before Fourier 

transformation: (i) the mean of the series is 

subtracted from each value, (ii) a parabolic window is 

applied to taper the series, and (iii) the resulting 

series is linearly detrended. Finally, only the low-

frequency region of the spectrum is taken into 

account for determining the regression slope. The 

spectral index β is the negative of the linear slope. As 

previously indicated, for fGn -1<β<1, and for fBm 1< 

β<3. 

Identification of a linear regression in the power 

spectrum has usually been considered a satisfactory 

criterion to confirm fractal properties. However, the 

insufficiency of such analyses was recently stressed 

by Wagenmakers et al. (2004), who questioned 

interpretations that rely exclusively on qualitative and 

ambiguous graphical representations. The authors 

argued that fitting a regression line to such graphs 

presupposes that the series present LRD. Before 

determining a regression slope it is thus necessary to 

provide statistical evidence that such a regression is 

relevant. 

We therefore used ARFIMA/ARMA modeling 

(Wagenmakers et al., 2004; Torre et al., 2007) to 

evaluate the statistical evidence for LRD in the series. 

This method consists of fitting 18 models to the 

studied series: nine are ARMA (p,q) models, with p 

and q systematically varying from 0 to 2, and the 

other nine are the corresponding ARFIMA (p,d,q) 

models, where d is the fractional integration 

parameter. The method selects the best model on the 

basis of a goodness-of-fit statistic that is based on a 

trade-off between accuracy and parsimony: the best 

model is the one that gives a good account of the data 

with a minimal number of free parameters. We used 

the Bayesian Information Criterion (BIC), which was 

proven to give the best results for detecting LRD 

(Torre et al., 2007). The raw BIC values can be 

conveniently converted into weights (Wagenmakers 

et al., 2004), and the weight obtained by a given 

model can be conceived as the probability that the 

model is the best of the set of candidate models. Note 

that the weights computed among a given set of 

models sum to one.  

The conclusions about the presence of LRD in the 

collected DRP series were drawn from two 

complementary indicators: (i) the nature (ARFIMA 

or ARMA) of the model presenting the highest 

weight and (ii) the cumulated weights of the tested 

ARFIMA models compared with the cumulated 

ARMA weights. Torre et al. (2007) proposed that the 

presence of LRD in a set of series can be assumed 

when at least 90% of the series is best fitted by an 

ARFIMA model and the cumulated weight for the 

ARFIMA models exceeds 0.90. The analyses were 

performed using the ARFIMA package for the Ox 

platform (Doornik 2001, available at 

http://eis.bristol.ac.uk/~pssaf/). 

In order to estimate the fractal exponents, we 

applied four methods: 
low

PSDwe, DFA, R/S-detrended 

analysis, and ARFIMA modeling. Because details 

concerning the algorithms of these methods can be 

consulted in the references given for each one, we 

chose to limit our presentation to general principles 

and precautions for their application. 

The spectral indexes, determined by 
low

PSDwe for 

the preliminary characterization of the series, 

provided a first estimation of the fractal exponents. 

For fGn series, spectral indexes can be converted into 

Hurst exponents by H = (β + 1)/2.  

The DFA (detrended fluctuation analysis, Peng et 

al., 1993) operates in the time domain. This method 

gives an estimation of an exponent α comprised 
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between 0 and 2. fGn series are characterized by 0 < 

α < 1, and α equals the Hurst exponent in this case. 

The R/S-detrended analysis (Caccia et al., 1997) 

provides more reliable estimates of H than the 

original Hurst method. It differs from the original 

algorithm by locally detrending the integrated series, 

before determining the local ranges.  

Last, we used ARFIMA modeling for a fourth 

estimation of the fractal exponents. Among the nine 

tested ARFIMA models, we retained the coefficient d 

determined for the best model; d can be converted 

into H  by H = (2d + 1)/2.  

We checked the consistency of the estimations 

using inter-methods correlations and computed the 

average H for each series. In order to test the effect of 

experimental conditions on fractality, we performed a 

two-way ANOVA 2 (Coordination) × 2 (Trial) on the 

H exponents, with repeated measures.  

Finally, 
low

PSDwe and DFA were applied on the 

CRP series for comparison with the results obtained 

on DRP. 

 

RESULTS 
The mean relative phase was -3.99 (± 5.95) for in-

phase trials and 175.84 (± 9.94) for anti-phase trials. 

The ANOVA revealed no main effect of 

Coordination or Trial. The interaction was significant 

(F(1,13) = 6.01, p<.05): for the first trial, variability 

was higher in anti-phase than in in-phase and, for 

anti-phase, variability was higher in the first trial than 

in the second. 

The power spectra showed a systematic linear 

trend with negative slope (Figure 1). The estimation 

of regression slopes yielded β values between -0.01 

and 0.98 (mean 0.43). These indexes showed the 

stationarity of all series (β <1), which were thus 

classified as fGn. 

Consequently, we performed ARFIMA modeling 

on the original series. For 53 of the 56 DRP series 

(95%), an ARFIMA model was selected, with a 

fractional integration parameter (d) significantly 

different from zero. The most often selected model 

was ARFIMA(0,d,0), the most parsimonious one. 

The sum of weights concentrated by all ARFIMA 

models was 0.93 on average. Only three series were 

best fitted by an ARMA model. This set of results 

allowed to conclude that the DRP series presented 

genuine fractal properties (Torre et al., 2007). 

The measures given by the four methods were 

converted into H according to the above given 

equations. The H estimates ranged from 0.50 to 0.99 

(mean= 0.72) for 
low

PSDwe, from 0.54 to 1.09 (mean= 

0.80) for DFA, from 0.56 to 1.03 (mean= 0.80) for 

R/S analysis, and from 0.60 to 0.97 (mean=0.78) for 

ARFIMA modeling. All samples of estimates were 

significantly correlated: r54(
low

PSDwe/DFA) = 0.46, 

r54(
low

PSDwe/R/S) = 0.50, r54(
low

PSDwe/ARFIMA) = 

0.52, r54(ARFIMA/DFA) = 0.63, r54(ARFIMA/R/S) = 

0.64, and r54(DFA/R/S) = 0.96. The final H values 

were then determined by averaging the four 

estimations. The mean H ranged from 0.73 to 0.79, 

in-phase and anti-phase confounded. The ANOVA 

performed on mean H showed no significant effect of 

Coordination, Trial, or interaction.  

In a last step, we compared indicators for 1/f 
β
 

noise in the DRP versus the CRP series. Contrary to 

the analyses performed on DRP, fractal analyses in 

the time and frequency domains gave discrepant 

results for CRP: DFA suggested Brownian motion-

like diffusion, with a mean α of 1.50 (± 0.12) and 

1.47 (± 0.13) for in-phase and anti-phase, 

respectively. 
low

PSDwe gave a mean β of 3.41 (± 0.92) 

for in-phase and 3.34 (± 1.02) for anti-phase, 
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Figure 1. Representative example (in-phase 

coordination trial) of (a) the individual power 

spectra, and the individual diffusion plots of (b) 

DFA, and (c) R/S-detrended analysis, computed 

on DRP series. 
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situating the CRP series out of the expected range for 

fractal series. 

One might wonder whether finding 1/f 
β
 noise in 

the DRP but not the CRP series was related to the 

event-based nature of the former, or to the fact that 

the two series represent different time scales. In order 

to examine this latter possibility, we re-sampled the 

CRP series by picking out the CRP values coinciding 

with the metronome signals. These new series 

presented equally spaced values, quite close to the 

corresponding DRP values. Nevertheless, DFA 

yielded a mean α of 0.63 (± 0.11) for the re-sampled 

CRP series versus 0.80 (± 0.12) for the DRP series. 

The difference was statistically significant (F(1,11) = 

47.82, p<0.001). 

 
DISCUSSION 

Our results provided unambiguous evidence for 

1/f 
β
 noise in the DRP series. The present discussion 

is organized into four parts. We first address the 

methodology and the results of the fractal analyses. 

Second, we discuss the interest of using DRP instead 

of CRP for analyzing stability properties in bimanual 

coordination. We then address some of the theoretical 

implications of finding 1/f 
β
 noise. Fourth, we test 

three current bimanual coordination models and 

discuss some perspectives for further modeling with 

regard to the evidence of 1/f 
β
 noise. 

Fractal analyses. Conclusions about the presence 

of 1/f 
β
 noise in series have often been drawn on the 

basis of visual examination of power spectra or 

diffusion plots, providing more or less equivocal 

indications for the presence of LRD. Using ARFIMA 

modeling, we were able to statistically confirm the 

presence of LRD in our series. The percentage of 

series best fitted by an ARFIMA model and the sums 

of ARFIMA weights were clearly above the 

thresholds proposed by Torre et al. (2007). The fact 

that the most often selected model was the simplest 

one, meaning that the fractional parameter was 

sufficient to account for the correlation structure, 

gave additional support for the effective presence of 

LRD. 

In order to obtain the most reliable estimation of 

the fractal exponents, we associated four methods 

implementing different algorithms. We particularly 

associated analyses in the frequency and the time 

domains, because discrepancies between these 

analyses are likely to reveal that series have no LRD 

(Rangarajan & Ding, 2000). Individually, all methods 

suggested the presence of 1/f 
β
 noise, and the 

estimations of the fractal exponents given by the four 

methods were consistent and significantly correlated 

with each other. We believe these precautions are 

essential for an unambiguous characterization of 

fractal dependences in experimental series. 

The reliability of fractal analyses tends to 

deteriorate for fewer than 2
9
 point series (Delignières 

et al., 2006). While our present study concentrated on 

the demonstration of 1/f 
β
 noise, future investigations 

examining the evolution of fractal exponents as 

function of different factors should be careful in 

interpreting the results: one can hardly assert that 

performing a coordination task in about 12 minutes 

(especially in anti-phase and/or at high frequency) 

would induce no fluctuation related to participants’ 

motivation or attention.  

Analyzing DRP series. In the introduction we 

argued for analyzing discrete rather than continuous 

relative phase. The analyses of the CRP series did not 

give any support for the presence of 1/f 
β
 noise. In 

addition to situating series out of the range of 1/f 
β
 

noise, DFA and 
low

PSDwe gave divergent results, 

providing a strong indication that LRD was not 

present (Rangarajan & Ding, 2002). Note also that 

the correlation structure of CRP was dramatically 

altered by a re-sampling procedure, a result which 

further points to the absence of scale invariance in 

these series.  

With spectral indexes above 3.0, the results 

obtained with CRP series were consistent with those 

reported by Schmidt et al. (1991), indicating that they 

were indeed due to the relative phase measurement 

and not to the nature of the task. The spectral indexes 

characterized the series as non-stationary, which is 

inconsistent with the global stability of the performed 

coordination patterns. Thus, it seems more relevant to 

examine the stability properties in coordination using 

DRP series. A discrete measurement minimizes to 

some extent the direct influence of a coherent 

movement trajectory, and cycle-to-cycle fluctuations 

can be considered to represent the “functional 

variability” of coordination whereas continuous 

fluctuations would represent an “absolute variability” 

(Delignières et al., 2005). Our last analysis showed 

that the presence of 1/f noise in the DRP series was 

related to their event-based nature, and not to their 

typical observation time. 

In the present study, DRP was determined once 

per cycle, at oscillation peak. One might ask whether 

the evidenced fractal fluctuations were related to 

global cycle-to-cycle dynamics or to the specific 

status of reversal points. In a complementary 

analysis, we computed series of DRP, determined at 

diverse phase angles of the dominant hand (from 0° 

to 315°, by steps of 45°), and we used DFA to 

estimate the fractal exponents. Figure 2 depicts the 

results obtained for the in-phase and anti-phase 

series. An ANOVA revealed a significant effect of 

phase angle, and post-hoc tests showed that 

exponents were higher in the peak region (0°, 45° and 

315°) than in the rest of the cycle. There was no 

effect of coordination or interaction. 
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Figure 2. Fractal exponents of DRP series computed by DFA, at different phases in normalized cycles, for in-phase 

and anti-phase coordination. 

 

Thus, whatever the performed pattern, DRP series 

were more strongly organized in time at the 

oscillation peaks. The peak region in our experiment 

corresponded to the reversals “on” the beep of the 

metronome. One could assume that this increase in 

LRD is related to a local stabilization (anchoring) in 

cycles near the pacing signal (Byblow et al., 1994; 

Carson, 1995). 

We believe, however, that arguing for the use of 

DRP does not oppose the engagement of continuous 

coupling processes between oscillators. Such 

continuous coupling is assumed in the HKB model. 

This hypothesis has received strong support from 

numerous studies that have evidenced the role of 

continuous perceptual coupling or the use of the 

relative direction of movement in performing 

bimanual coordination (Huys et al. 2005; Wilson et 

al. 2005). Nevertheless, coupling can be continuous 

without being homogeneous over the cycle and 

without excluding the contribution of other discrete 

coupling processes. In this regard, note the 

hypotheses such as timing-process based 

coordination (e.g., Semjen, 2002) or anchoring with 

sensory information provided by external pacing. The 

DRP determined at reversal points may allow the 

global outcome of all continuous or discrete coupling 

processes to be captured and shows the highest LRD 

between cycles. 

The finding of 1/f 
β
 noise in neurobiological 

coordination research. Stability constitutes a key 

point in theories about the organization and control of 

coordination, and 1/f 
β
 noise represents an alternative 

framework for thinking about stability. Relative 

phase not only fluctuates around a reference value, 

but it possesses statistical memory and a certain 

predictability. The statistical specificity of 1/f 
β
 noise 

appears to be the expression of a functional 

variability that guarantees the simultaneous 

maintenance and adaptability (Goldberger et al., 

1999) of “stable” coordination, variability not being 

synonymous with less or worse controlled 

coordination (Riley & Turvey, 2002). 

We would like to focus on two lines of thinking 

about this finding in regard to neurobiological 

coordination research. Among the different accounts 

of the neural basis for coordination, the intermanual 

crosstalk hypothesis postulates that interaction 

between functional elements at different levels of 

organization constitutes a basis for emergent 

cognitive/behavioral functions (Bressler & Kelso, 

2001; Varela et al., 2001). The nervous system 

integrates multi-level information into globally 

coherent brain states whose spatio-temporal 

dynamics have been shown to be linearly related to 

behavioral dynamics (Banerjee & Jirsa, 2006; Fuchs, 

Jirsa & Kelso, 2000; Kelso et al., 1998). For 

example, neural equivalence of the phase transition in 

bimanual oscillation has been evidenced in the 

recording of brain activation patterns (Jirsa, Fuchs & 

Kelso, 1998; Daffertshofer, Peper & Beek, 2005). It 

therefore seems worthwhile to take into account the 

specific correlation structures in behavioral state 

variables when investigating and modeling the 

connections between the level of neural dynamics 

and the level of effector dynamics. In this view, for 

instance, it appears appealing to conceive of 1/f 
β
 

noise as having much in common with the idea of 

metastability in neural dynamics (e.g., Bressler & 

Kelso, 2001; Friston, 1997). Indeed, metastability, 

defined as a weak interdependency between 
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constituents that gives rise to transient neural states, 

thereby providing the brain with its adaptive 

capacity, matches the description of the functional 

properties that are currently attributed to 1/f 
β
 noise 

(Beltz & Kello, 2006; Goldberger, 1999; Schmidt et 

al., 1991). One might also question the contributions 

of specific brain rhythms and meaningful temporal 

scales in the dynamics of engaged brain regions to 

the frequential composition of the produced 

coordination series. Notably, the alteration of long-

range correlation in behavioral outcome due to 

altered CNS control induced by neurodegenerative 

disease, as shown in human gait dynamics (Hausdorff 

et al., 1997), may suggest a direction for exploring 

the neural basis of coordination. 

In another line of thought, the finding of 1/f 
β
 

noise offers an original window for examining the 

relationship between the component level and the 

collective level in coordination. Generally speaking, 

coordination engages a partly separate control of 

intra-limb synergies (Tseng & Scholz, 2005) or intra-

limb timing processes (Ivry & Richardson, 2002). 

Riley et al. (2001) argued that variability in relative 

phase is likely to have deterministic sources at the 

oscillator level. Now, it has been shown that the 

series of periods produced in self-paced unimanual 

oscillation and tapping present a 1/f 
β
 structure 

(Delignières et al., 2004). One can then wonder 

whether 1/f 
β
 noise in relative phase is only the direct 

consequence of the intra-limb correlation structure. 

However, when a metronome paces the movement, 

the 1/f 
β
 structure in periods disappears and becomes 

anti-persistent noise (Chen et al., 1997; Torre, 

Lemoine & Delignières, 2006). On the one hand, this 

raises the question of the actual relevance, and the 

possible influence on coupling processes, of the 

common “non-specific” use of the metronome in 

bimanual coordination experiments. On the other 

hand, on this basis we propose to examine the 

coherence of the correlation structures in single limb 

movement vs. coupled limb movement (article in 

preparation), in order to evaluate the contribution of 

the characteristic intra-limb dynamics to coordination 

and/or, conversely, the modifications induced by 

coupling.  

Bimanual coordination models and 1/f 
β
 noise. If 

1/f 
β
 noise represents a functional variability in 

coordination dynamics, the present results suggest the 

need to reorient current modeling efforts by 

considering long-range correlation structure as a 

crucial criterion. Because 1/f 
β
 noise is quite a 

ubiquitous manifestation, one can hardly assume that 

a single model would account for this specific 

process over the whole range of the biological and 

physical systems it characterizes. Before aiming to 

develop new models, it thus seems essential to 

examine those models that have already received 

strong theoretical support by research into bimanual 

coordination. 

First, we addressed the HKB model in its 

coupled oscillators formulation (Schöner & Kelso, 

1988). The differential equation of a hybrid 

Rayleigh-Van der Pol oscillator (Kay et al., 1987) 

models the limit cycle behavior of each limb: 

 

0223 =++++ xxxxxx ωγλδ &&&&&  (2) 

 

 In this equation, δ is a linear damping 

parameter, λ and γ are the Rayleigh and Van der Pol 

parameters, respectively, and ω² is a linear stiffness 

parameter. The two oscillators are coupled via a 

nonlinear function determined by parameters a and b, 

as follows: 
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The coupling function assumes that the 

differences between the positions and velocities of 

the two oscillators are continuously used for 

coordinating. Intrinsic fluctuations are accounted for 

by adding a white noise term of variance Q to each 

equation in (3). 

We simulated 100 in-phase and 100 anti-phase 

series using a 4
th
 order Runge-Kutta routine, with δ = 

-0.4, λ = 0.001, γ = 0.38, a = 0.1, and b = 0.47. In 

order to approximate our experimental oscillation 

frequencies, we set ω = 3π. White noise variance was 

set to Q = 0.5. These parameters allowed to 

reproduce experimental DRP variability, with SDs of 

5.90 (± 0.47) and 9.96 (± 2.90) in in-phase and anti-

phase series, respectively. To test the series for the 

presence of 1/f 
β
 noise, we applied 

low
PSDwe, DFA, 

and ARFIMA modeling. For in-phase series, we 

obtained mean β = 1.10 (± 0.24) and mean α = 0.88 

(± 0.13) and for anti-phase series, mean β = 1.73 (± 

0.25) and mean α = 1.12 (± 0.11). Accordingly, the 

in-phase series were situated at the frontier between 

fGn and fBm, while the anti-phase series were clearly 

characterized as fBm by both methods. Because 

ARFIMA modeling works on stationary series, we 

applied the method on the original in-phase series 

and on differentiated anti-phase series. LRD was 

detected in only 3% of the in-phase series and in 72% 

of the anti-phase series. For the latter, the mean 

estimated d was -0.18 (± 0.15), confirming the 

classification of anti-phase series as anti-persistent 

motions. Accordingly, simulated DRP series could 

not be characterized as 1/f 
β
 noise and presented 

contrasted correlation structures for in-phase and 

anti-phase. 

Second, we addressed the phase attractive map 

developed by deGuzman and Kelso (1991) for 



 9 

multifrequency bimanual coordination. The model 

obeys the following equation: 

 

nnnn A
K

πφπφ
π

φφ 2sin)2cos1(
2

1 +−Ω+=+   (4) 

 

where φn (in grade) represents DRP at the n
th
 

cycle, and Ω the ratio between the eigenfrequencies 

of the two effectors. The performed coordinations 

being isofrequential in our study, Ω was neglected in 

simulations. A was assumed to represent task-induced 

constraints and K the intrinsic coupling strength 

between the two oscillators. deGuzman and Kelso 

(1991) showed that the model is bi-stable for 1<A<10 

and 0<K<1. We added a stochastic term with 

variance Q, representing the random perturbations 

that affect relative phase at each iteration.  

We simulated 100 in-phase and 100 anti-phase 

series, using A = 2, K = 0.15, and Q = 0.0002. These 

parameters allowed to reproduce the experimental 

variability: converted into degrees, the mean SDs 

were 6.09 (± 0.16) for in-phase series and 10.14 (± 

0.71) for anti-phase series. 
low

PSDwe and DFA gave 

consistent results, with mean β = 0.21 (± 0.18) and 

mean α = 0.56 (± 0.08) for in-phase series, and mean 

β = 0.94 (± 0.15) and mean α = 0.70 (± 0.09) for anti-

phase series. These results contrast with our 

experimental results and suggest that the in-phase 

series were white noise, whereas the anti-phase series 

were likely to be 1/f 
β
 noise. However, ARFIMA 

modeling detected LRD in only 17% of the in-phase 

and 6% of the anti-phase series, indicating that 

neither in-phase nor anti-phase series possessed 

genuine LRD.  

Finally, we addressed the multiple timer model 

proposed by Ivry and Richardson (2002), which is a 

direct extension of the Wing and Kristofferson (1973) 

model for unimanual tapping. A central timekeeper is 

assumed to be associated with each effector. Such a 

timer is conceived as a threshold/activation 

mechanism: an activation level increases linearly 

with constant speed a, affected at each iteration by a 

noise term ε with variance q, until the reaching of a 

threshold level T that determines a particular time 

event. In coordination, it is assumed that a gating 

process integrates the thresholds (T1 and T2) and the 

activation speeds (a1 and a2) of the two effectors, so 

that the inter-event intervals are given by: 

 

)()(

)(

2211

21

εε qaqa

TT
C

+++

+
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The successive cognitive events generated by this 

integrated timer trigger the motor responses of both 

limbs and reset the activation processes. Finally, the 

response of each effector is affected by random 

motor noise with variance Q. Note that the original 

multiple timer model only accounts for in-phase 

coordination. 

We simulated 100 series using a = 1.5, q = 0.1, T 

= 1000, and Q = 7. These parameters allowed us to 

reproduce the experimental variability, with a mean 

SD of 5.22 (± 0.21). 
low

PSDwe and DFA gave 

consistent results [mean β = 0.00 (± 0.22), mean α = 

0.48 (± 0.08)], indicating that the simulated DRP 

series were white noise. These results were 

confirmed by ARFIMA modeling, with only 17% 

detection of LRD. 

None of the three tested models was able to 

account for the 1/f 
β
 noise in DRP series. Different 

kinds of mechanisms have been proposed to generate 

series with 1/f 
β
 structure. One type of model is based 

on the aggregation of multiple short-range or random 

processes working at different time scales. For 

example, the aggregation of autoregressive (Granger, 

1980), moving-average (Wing et al., 2004), or white 

noise (Hausdorff & Peng, 1996) processes have been 

proposed to produce 1/f 
β
- like series. However, 

Wagenmakers et al. (2004) emphasized that this type 

of mechanism could mimic 1/f 
β
 series without 

generating genuine LRD. Another type of model is 

based on the assumption of the non-stationarity in the 

system and associates a random non-stationary 

process with a simple auto-regressive process. For 

example, West and Scaffetta (2003) showed that 

performing a random walk on a Markov chain 

generates 1/f 
β
 series. In the same vein, Wagenmakers 

et al. (2004) proposed an activation-threshold model, 

with a non-stationary threshold and an autoregressive 

activation process that generated LRD.  

The objective, however, should not be to imitate 

the 1/f 
β
 outcome, but rather to give a meaningful 

account of it in bimanual coordination. The challenge 

is thus to account for a feature that is a typical 

outcome of complex systems by using specific 

mechanisms in a necessarily simplified model. To 

overcome the limits of models in accounting for 1/f 
β
 

noise in DRP series, and to exploit the alternative 

bimanual coordination models by using systematic 

experimentation-modeling interaction, further 

investigation should address the evolution/alteration 

of 1/f 
β
 properties with different task-specific and 

system-specific constraints. 

 

CONCLUSION 
We clearly demonstrated that DRP series in 

bimanual coordination possess a 1/f 
β
 correlation 

structure. This type of statistical long-range memory 

has been evidenced in a number of natural 

phenomena and human behavioral outcomes. It 

appears that the fluctuations inherent to our 

perceptual-motor system are more likely to be 

correlated than to be random noise reflecting, as 

such, an aspect of the stability properties in bimanual 

coordination. Therefore, the models that aim to 

reproduce these stability properties and account for 
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the processes that they entail should consider 1/f 
β
 

noise in relative phase as a crucial criterion.  
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