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induced Beta power Modulations 
during isochronous Auditory Beats 
Reflect Intentional Anticipation 
before Gradual Tempo Changes
emily Graber  1* & takako fujioka  1,2

Induced beta-band power modulations in auditory and motor-related brain areas have been associated 
with automatic temporal processing of isochronous beats and explicit, temporally-oriented attention. 
Here, we investigated how explicit top-down anticipation before upcoming tempo changes, a sustained 
process commonly required during music performance, changed beta power modulations during 
listening to isochronous beats. Musicians’ electroencephalograms were recorded during the task of 
anticipating accelerating, decelerating, or steady beats after direction-specific visual cues. In separate 
behavioural testing for tempo-change onset detection, such cues were found to facilitate faster 
responses, thus effectively inducing high-level anticipation. In the electroencephalograms, periodic 
beta power reductions in a frontocentral topographic component with seed-based source contributions 
from auditory and sensorimotor cortices were apparent after isochronous beats with anticipation in 
all conditions, generally replicating patterns found previously during passive listening to isochronous 
beats. With anticipation before accelerations, the magnitude of the power reduction was significantly 
weaker than in the steady condition. Between the accelerating and decelerating conditions, no 
differences were found, suggesting that the observed beta patterns may represent an aspect of 
high-level anticipation common before both tempo changes, like increased attention. Overall, these 
results indicate that top-down anticipation influences ongoing auditory beat processing in beta-band 
networks.

In music, high-level anticipation is used by performers in preparing to execute subtle yet meaningful changes in 
the ongoing sound1. Such anticipation is sustained over long time periods and helps musicians coordinate spon-
taneous phrasing, dynamics changes, and tempo changes that are not marked in the score, but which nevertheless 
are required in performance2–6. For tempo changes, high-level anticipation may occur at the same time as other 
ongoing processes like those that are related to processing and predicting basic beat structure in music. Previous 
studies have investigated neural signatures of timing prediction and beat processing7–11, however their designs did 
not optimally allow for high-level processes, such as anticipation, to be exerted naturally as in music performance. 
Motivated by this, we were interested in examining how naturalistic, high-level anticipation of gradual musical 
tempo changes could modulate the neural activities that are ordinarily associated with beat processing. Since 
we do not know precisely what cognitive processes are involved in musical anticipation, this study explores the 
nature of anticipatory processes by examining the differences in neural activity observed when the same auditory 
beats are perceived with and without direction-specific top-down anticipation for gradual tempo changes. For 
the remainder of this study, we refer to the temporally sustained, high-level anticipation of a tempo change as 
temporal anticipation.

To see in the brain how local auditory beat processing was influenced by different types of temporal antici-
pation, we analysed modulations in beta power oscillations (13–30 Hz), a dynamic neural signal which has been 
shown to reflect time and beat processing in previous studies7,8,12. In general, neural oscillations are activities in 
various frequency ranges that occur spontaneously in the brain. When power of an oscillation falls below baseline 
level, it is called event-related desynchronisation (ERD), and when power is larger than baseline level, it is called 
event-related synchronisation (ERS)13. Of interest here is ERD and ERS in the beta-band range because they have 
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been related to beat processing and timing prediction. In passively listening to auditory beats, beta ERD consist-
ently occurred after stimuli regardless of their tempo8, likely representing obligatory stimulus processing14. Beta 
ERS following this ERD peaked predictively around the time of the next beat for beat intervals between 390 and 
780 ms, adjusting its time course to the tempo of the stimuli8. For visual events occurring at slower tempos, how-
ever, no clear relationship between beta ERS rates and tempo have been found, making it necessary to investigate 
the previously found patterns further15. Nevertheless, beta power modulations for auditory stimuli at musical 
tempos, like those that were used in the current study, reflect the processing of beats and automatic prediction for 
subsequent beats according to the surrounding tempo.

Beta power modulations are also affected by high-level processes like attention, uncertainty, expectation, 
and imagery, all potentially involved in temporal anticipation. For attention, Todorovic et al.11 showed that beta 
power ERD before an actively attended tone tended to be smaller than that before an unattended tone in audi-
tory tone-pair stimuli. When sufficient attention was paid to determine whether an auditory target was on time 
or delayed, beta ERS was enhanced immediately before the target16. Attention focused on a particular stimulus 
during an isochronous visual sequence enhanced beta ERS at the attended time point17. Beta ERS also peaked 
around the learned time of attended warning cues in delayed go paradigms14,18. Apart from the effect of attention, 
Tzagarakis et al.19 found that uncertainty about the spatial position of an upcoming visual target greatly reduced 
typical beta ERD. Similar attenuation of beta ERD was shown during a build-up of expectation for a pitch deviant 
in an oddball paradigm when a target was overdue to occur after standard tones20. Finally, imagined metric struc-
tures imposed on unaccented isochronous auditory stimuli increased beta ERD strength during the imagined 
accented beats12. Since these various high-level, endogenous processes are expressed in beta power modulations 
and may be expressed simultaneously as a superposition14, it is conceivable that temporal anticipation before 
tempo changes will also be expressed in beta power modulations if such anticipation involves high-level processes 
like those mentioned above.

Thus, we hypothesised that in anticipation of upcoming tempo changes, beta power modulations patterns may 
be different from those when no tempo changes are anticipated because the latter would require fewer high-level, 
top-down processes than the former. Further, we hypothesised that whether anticipation for different tempo 
changes affects ERD, ERS or both, will depend on which high-level process dominates in anticipation and when 
during the beat period the process takes place. Two main possibilities exist. First, if anticipation is predominantly 
a local predictive process where slightly early or late beats are predicted in anticipation of gradual tempo changes, 
then ERS rates before beats may reflect anticipation with steep/shallow rates preceding predictions for early/
late beats, respectively. However, a prior study did not find an effect in the beta band when a single, specific time 
point was ‘targeted’ by a top-down process similar to beat prediction7. The second possibility is that anticipation 
might involve sustained attention, uncertainty, expectation, or a combination thereof rather than local expecta-
tions for an interval change; if so, sustained synchronisation of beta power might occur during multiple types of 
anticipation even while the stimulus stays isochronous. Such ERS would then be superimposed on the beta power 
modulations that are typical of passive beat processing.

With respect to neural sources, multiple brain areas contribute to the beta modulation patterns during tem-
poral processing and could also contribute to active temporal anticipation in the current study. Using magneto-
encephalography (MEG), Fujioka et al.8 found that beta modulations during passive listening to regular beats 
involved auditory cortices and motor-related areas such as primary sensorimotor cortex, inferior frontal gyrus, 
and supplementary motor areas (SMA). Morillon and Baillet21 showed delta-beta phase-amplitude coupling in 
the left sensorimotor cortex when listeners actively attended to every other tone in an auditory stream. These 
results are generally in line with functional magnetic resonance imaging (fMRI) studies showing that musical 
rhythm tracking involves simultaneous activity in bilateral auditory cortices including temporoparietal areas, 
bilateral premotor cortices, and SMA22–25. Since temporal anticipation would occur in parallel with regular beat 
processing, both the motor and auditory systems may be engaged as in the aforementioned studies.

In the current study, EEG was recorded from musicians as they actively anticipated and eventually heard grad-
ual tempo changes in click sequences that contained accelerations or decelerations starting at different points in 
the sequences. Gradual tempo changes were used to mimic the sounds that would naturally be produced in real 
music performance after a temporal anticipation period. In a control condition, steady beats were anticipated for 
entire sequences. The direction of tempo change was visually cued prior to the onset of each sequence as illus-
trated in Fig. 1, but the number of steady beats before each change was not known ahead of time. Musicians were 
recruited for this study due to their training to anticipate gradual tempo changes while performing in an ensem-
ble26, their predictive coordination abilities during expressive passages27, and their superior accuracy in tapping 
to beats in real musical excerpts compared to non-musicians28. In a separate behavioural session, we examined 
whether the visual cues facilitated anticipation by asking participants to detect acceleration or deceleration onsets 
with and without explicitly-cued tempo-change directions.

Methods and Materials
The EEG methods and materials have been described in another paper which used the same EEG dataset but ana-
lyzed different aspects of the data based on a distinct set of goals29. Below we describe relevant information for the 
current study, including a separate behavioral test which was conducted after the EEG recording was completed. 
For further details, please refer to the previous paper.

Participants. The current study was based on data from 20 musicians (7 female) with long-term musical 
training and performance experience (M = 22.3 years, SD = 5.54). All participants were right-handed. Written 
informed consent was obtained from the participants prior to the study. The experimental protocol was approved 
by the Institutional Review Board (IRB) at Stanford University. Experimental methods were carried out in accord-
ance with the guidelines of the IRB and the Declaration of Helsinki.
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Stimuli for EEG. Figure 1 depicts the EEG trials which each contained a visual arrow cue followed by an 
auditory click sequence. The cues lasted 300 ms. The click sequences began 500 ms after cue offset and contained 
steady beats followed by a gradual tempo change. Accelerations/decelerations in tempo were cued by up/down 
arrows, respectively, while a horizontal, double-sided arrow was used to cue the steady condition which contained 
no tempo change. The click sequences started with steady inter-onset intervals (IOIs) of 600 ms for 6, 9, or 12 
beats before the tempo changes began. The tempo changes lasted for eight intervals, with each interval changing 
by 96.85% or 103.25% of the previous interval, for accelerations and decelerations respectively. In the accelerating 
condition the final IOI was 464 ms, 77.33% of the initial IOI, while in the decelerating condition it was 775 ms, 
(1/0.7733) * 100% of the initial IOI. Each of the nine sequences (3 tempo-change conditions × 3 sequence lengths) 
was repeated 50 times, but presented in a pseudo-randomised order.

Behavioural task during EEG recording. Two tasks were asked of the participants. The primary task 
was to actively anticipate a tempo change prior to its onset according to the informative visual cue given before 
the start of the sequence. This part of the task was intended to be very naturalistic for the participants who, as 
musicians, were used to anticipating tempo changes in ongoing music in coordination with other musicians, even 
without indications in the score. In giving these task instructions, it was explained that anticipating the tempo 
changes should be similar to anticipating upcoming tempo changes while performing ensemble music.

The secondary task took place during the changing phase of the stimuli (open beat symbols in Fig. 1) and 
required participants to detect any non-gradual changes in the sequences. This task was given to ensure that the 
participants actively, rather than passively, listened to the sequences after the primary task of anticipation was 
over. The non-gradual tempo changes were introduced in ten percent of trials by removing 200 ms from one inter-
val during the changing phase. The non-gradual changes, or targets, were reported by button press. Importantly, 
this secondary target detection task did not contaminate the EEG with motor responses during the anticipation 
phase of the stimuli (black beat symbols in Fig. 1) which was the segment of interest for analysis in the current 
study. The EEG recorded during the secondary task was not analysed in the current study. The participants were 
made aware that no targets would occur during the anticipation phase of the stimuli.

EEG recording and data analysis. The EEG was recorded in a sound-attenuated and electrically-shielded 
booth with 64-channel Neuroscan Quik-Cap, a SymAmpRT amplifier, and Curry 7 acquisition software 
(Compumedics Neuroscan Inc., El Paso, TX), at a sampling rate of 500 Hz. Offline, data were re-referenced to 
the common average. Doing so allows auditory activity to be expressed at central electrodes in an unbiased fash-
ion30,31. Participants listened to the auditory stimuli through insert earphones (ER-1, Etymotic Research, Elk 
Grove Village, IL) and saw the visual cues on a monitor 1.2 metres away.

The EEG data were analysed in MATLAB (Mathworks Inc., Natick, MA) using house-made scripts with rou-
tines from the Brainstorm toolbox32. For preprocessing, the continuous data were bandpass filtered between 
0.5 Hz and 50 Hz and down sampled to 125 samples per second. For each participant, vertical and horizontal 
ocular artifacts were modelled via the signal-space projection method provided in Brainstorm, and removed from 
the continuous data. The continuous data were parsed into epochs from −1,000–1,200 ms around individual beat 

Figure 1. Summary of EEG stimuli. For three conditions, informative visual arrow cues indicated a tempo 
change direction before an auditory sequence (accelerating - up; decelerating - down; and steady - double-sided 
horizontal). There were three trial lengths for each condition; all sequences contained three clicks in the initial 
phase (indicated by the grey beat symbols) plus 3, 6, or 9 clicks in the anticipation phase (indicated by the black 
beat symbols) prior to any change in tempo. The last eight intervals, termed the changing phase (indicated by 
the open beat symbols), contained a gradual tempo change in the accelerating and decelerating conditions. In 
the steady condition, the last eight intervals did not contain a tempo change. Induced oscillatory responses were 
analysed around each beat in the anticipation phase of each trial.
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onsets that occurred in the anticipation phases of the click trains (see Fig. 1). Separate analyses were carried out 
on other parts of the data (changing phase and inter-trial interval29) which are reported elsewhere. The current 
study focuses analysis only on the anticipation phase of the data. The epochs from the anticipation phase were 
baseline corrected using a time window of −100–0 ms. Note that no epochs were made from EEG segments in the 
initial phase (grey beat symbols in Fig. 1) or the changing phase. Any channels with peak-to-peak voltage differ-
ences exceeding ± 70 µV were rejected from individual epochs in addition to the ocular artifact rejection based 
on signal-space projection. This yielded 900 epochs per condition per participant.

Beta-band power modulations were computed in four steps. (1) A principal component analysis (PCA) of 
the grand average evoked response collapsed over all conditions and participants in the anticipation phase was 
performed in order to obtain spatial filters to reduce the dimensionality of the data, effectively incorporating 
into the filters information from across the scalp rather than from a few electrodes. Specifically, a singular value 
decomposition (SVD) was performed on the two-dimensional matrix of channels by samples over a one-beat 
interval 0–600 ms. SVD by definition breaks data into three parts: for our EEG data we obtained the eigenvectors 
or components describing linear combinations of channels, the time series produced by each eigenvector, and the 
singular values describing the contribution of each component to the overall variance of the original data. Thus, 
SVD yielded a set of paired spatial and temporal components, each successively accounting for less variance in 
the data (for more details about SVD for EEG, see Harner33 and Lagerlund et al.34). Only the first two spatial prin-
cipal components (hereafter PCs), accounting for over 96% of the variance together, were used in the subsequent 
time-frequency analysis. This approach was chosen to combine redundant information in EEG channels and 
reduce computational burden while making use of the assumption that a majority of evoked and induced activi-
ties share neural sources35. Such component-based data reduction approaches with frequency and time-frequency 
analyses have been used widely in EEG/MEG research to investigate brain activity36–42.

(2) All single trial epochs were spatially filtered (projected onto the two PCs) after subtracting the individually 
averaged phase-locked evoked response in the corresponding conditions to isolate induced activities. (3) The 
time-frequency representations (TFRs) of these epochs were computed with a Morlet Wavelet decomposition 
with 35 logarithmically-spaced bins from 11–40.1 Hz. Signal power in each trial was calculated by multiplying 
each wavelet coefficient with its complex conjugate in Brainstorm routines. The TFRs were averaged separately for 
each participant, condition, and PC. (4) ERD and ERS in each frequency bin were computed as percent deviations 
from the mean power from 0–600 ms. The beta-band ERD/ERS was then computed by averaging frequency bins 
from 13–30 Hz and baseline correcting using a time window of −50–0 ms.

Beta ERD amplitude was the main feature of interest for statistical analyses. Amplitudes within each condition 
were averaged over the fixed window ± 20 ms around the grand average steady ERD peak latency and submitted 
to a one-way repeated measures ANOVA with the factor Condition (Accel, Steady, Decel). This was done sepa-
rately for the ERD in PC1 and the ERD in PC2. Post-hoc tests were conducted by two-sided paired t-tests with 
Bonferroni corrections for multiple comparisons.

In order to estimate relative contributions of the neural generators underlying PC1 and PC2, dipole modelling 
was conducted using BESA Research 6.1 software (BESA GmbH, Grafelfing, Germany). Dipole locations were 
seeded based on the results of neuroimaging studies about tracking rhythmic stimuli over time. This approach has 
been widely used to assess the contribution of specific sources to observed event-related potentials43–45. By aver-
aging coordinates reported in fMRI and positron emission tomography (PET) studies which employed tasks of 
attentive listening to predictable rhythmic patterns without synchronised movements or competing tasks22–25, five 
seed locations were obtained; bilateral auditory cortices extending to temporoparietal junctions and inferior pari-
etal cortex (henceforth abbreviated as AC/TP), bilateral premotor cortices (PMC), and SMA. After the five seed 
locations were established, a four-shell ellipsoidal head model with the template brain in BESA was used to fit the 
dipole orientations to the grand average evoked response, the same data from which the two PCs were computed. 
The dipole orientations were determined with respect to the grand average evoked response because it most 
cleanly represents the neural activity related to the stimuli without bias from the different conditions. Because 
participants were strictly listening to the stimuli in the anticipation phase, the orientation of bilateral temporo-
parietal sources were fit first, followed by the bilateral PMC dipoles, and the SMA dipole. Afterward, these five 
sources were applied to each of the two PCs to estimate how much of their topography was accounted for by the 
model, as well as how much each source contributed to the topography. This estimation was conducted by simply 
projecting the five-dipole source model to the topographic map without changing locations or orientations.

Post-EEG behavioural session and data analysis. After the EEG recording, the participants took part 
in a behavioural session. The test assessed whether the visual cues in the stimuli effectively facilitated temporal 
anticipation. The stimulus sequences were identical to those used in the EEG session, except that the number of 
isochronous beats before the changing phase was extended to include five levels: 3, 6, 9, 12, and 15 isochronous 
beats. These sequences were presented to participants in two separate blocks: one with cues and one without 
cues. Within each block, trials were pseudo-randomised, and the order in which the blocks were presented was 
counterbalanced across participants. In each block, the five possible trial durations were repeated three times for 
each anticipation condition (accelerating, decelerating, or steady). Visual cues during the cued block were always 
accurate and appeared exactly as they had in the EEG session.

Participants were asked to respond with a key press as soon as they detected the onset of a gradual tempo 
change regardless of its direction. This key press terminated the current trial immediately, and the next trial 
began 1.2 seconds later. If they detected no change during the trial, they responded with a key press after the trial 
was finished. All stimuli were controlled with a customised PsychoPy script46 on a Linux computer. Sounds were 
delivered through earbuds. The session lasted approximately 25 minutes.

Reaction time (RT) of responses to only the accelerating and decelerating trials were analysed. RTs were meas-
ured with respect to the onset of a tempo change, defined as the earliest possible moment that a change physically 

https://doi.org/10.1038/s41598-020-61044-9


5Scientific RepoRtS |         (2020) 10:4207  | https://doi.org/10.1038/s41598-020-61044-9

www.nature.com/scientificreportswww.nature.com/scientificreports/

occurred. In accelerating trials, the onset of the first early beat was considered time zero. In decelerating trials, 
the onset of the first absent isochronous beat was considered time zero. Only responses occurring 200–2,800 ms 
after the onset of a tempo change were included in the analysis; any responses occurring more than three times 
the standard deviation away from individual mean RTs (within participant) were excluded from the analysis. 
94.2% of the RT data was valid and examined by a three-way repeated measures ANOVA with factors Cue (cued, 
uncued), Condition (accelerating, decelerating), and Length (the number of beats before the changing phase; 3, 
6, 9, 12, 15). This was followed by post-hoc paired t-tests with Bonferroni corrections for multiple comparisons.

Results
Behavioural performance. In the post-EEG behavioural test, participants detected gradual tempo-change 
onsets with and without informative visual cues. For RTs, the ANOVA revealed a main effect of Cue [F(1, 
19) = 39.344, p < 0.0001], because RT was faster for cued (M = 1,384.1 ms; SD = 277.5 ms) compared to uncued 
trials (M = 1,631.2 ms; SD = 232.3 ms). The main effect of Condition was marginal [F(1, 19) = 3.404, p = 0.0807], 
because RT tended to be faster in accelerating trials (M = 1,472 ms; SD = 217.4 ms) than in decelerating trials 
(M = 1,543.3 ms; SD = 288.3 ms). Finally, the effect of the Length was significant [F(4, 76) = 20.862, p < 0.0001], 
because more beats before the changing phase resulted in faster RTs (Fig. 2). Post-hoc tests about the effect of 
Length revealed that the shortest trial length was primarily responsible for the main effect; Table 1 summarises 
the comparisons that were significant after Bonferroni correction. Only the interaction between Cue and Length 
approached significance [F(4, 76) = 2.261, p = 0.0703]. In sum, the participants responded faster when the pre-
dictive cues were available and when the trials were longer.

The target detection performance during the EEG recording was analysed to examine whether participants 
were attentive throughout the EEG trials. The d’ sensitivity index for each participant was computed from the 
correct responses during target trials and false positives during non-target trials. The group mean d’ was 4.05 
(SD = 0.817) with a mean hit rate of 84.22% (SD = 23%) and false positive rate of 0.22% (SD = 0.25%). Differences 
between acceleration, deceleration, and steady targets were not assessed because the small number of targets in 
each condition were not consistently inserted at the same point within the changing phases. Nevertheless, the 
performance accuracy indicates that participants successfully attended to the stimuli during the EEG recordings.

Principal components and source contributions. The EEG data in channel space was parsed into 
epochs around the individual beats during the anticipation phase of each trial. Figure 3a shows the grand average 
evoked response of those epochs across all participants and all three conditions. The topographic maps above the 
waveform show the positive components P1 (72 ms) and P2 (160 ms) in frontocentral electrodes. The N1 response 

Figure 2. Reaction times (RTs) in the behavioural test. The RTs to detect tempo-change onsets for cued and 
uncued accelerations (filled and open blue symbols, respectively) and cued and uncued decelerations (filled and 
open red symbols) are illustrated as a function of trial length, i.e., the total number of anticipatory beats prior to 
tempo-change onsets. The error bars indicate standard error of the mean (SEM).

# beats 
before tempo 
change

t-statistic 
(df = 19)

corrected 
p-value (by 10) significance level

3 vs. 6 6.202 0.0001 ***

3 vs. 9 4.619 0.0018 **

3 vs. 12 9.326 0.0000001 ****

3 vs. 15 5.839 0.0001 ***

6 vs. 12 3.305 0.037 *

Table 1. Significant results in post-hoc comparisons of RT in different trial lengths in the behavioural test (5 
levels with 3, 6, 9, 12 or 15 beats before the tempo change). *indicates p < .05, **indicates p < .01, ***indicates 
p < .001, and ****indicates p < .0001.
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(104 ms) was less represented in the scalp topography and barely reached the baseline level because of the fast 
stimulus rate in the click sequences. The topographic maps of the first two PCs - from the evoked response in 
Fig. 3a - and their corresponding time courses are shown in Fig. 3b,c. The first PC (PC1) accounted for 78% of 
the variance. Its topography resembles those of the P1 and P2 responses with maximum activity at frontocentral 
electrodes and polarity reversals near parietal sites (Fig. 3b left). The waveform of PC1 resembles the characteris-
tic P1-N1-P2 complex in all three conditions. The second PC (PC2) accounted for 18.6% of the variance, and its 
topography showed a central maximum with bilateral polarity reversals near temporal sites (Fig. 3c left). The PC2 
waveform shows an N1c-like negative going peak with sustained voltages after.

For PC1 and PC2, we also determined how much the bilateral auditory cortices, bilateral premotor cortices, 
and SMA each contributed to the topographies using a seed-based source analysis modelled by equivalent cur-
rent dipoles. The Talairach coordinates for the equivalent current dipole seed locations were as follows: bilateral 
AC/TP sources (Left-AC/TP: −43, −37, 22.8; Right-AC/TP: 45, −31, 19.6), bilateral PMC sources (Left-PMC: 
−49.4, 0.4, 37; Right-PMC: 40.6, 5.5, 46.4), and SMA (−1.7, 12.3, 50.7). Fitting the orientations of the dipoles 
to the grand average evoked response in Fig. 3a for a one-beat interval (0–600 ms) resulted in a model which 
accounted for 86.6% of the variance in that response, which is high given the wide time interval of the evoked 
response used for fitting the model. In fact, the model showed the strongest fit peaks of 92.13% around P1 at a 
latency of 52 ms and 90.05% around P2 at a latency of 162 ms. Figure 3d illustrates the locations and orientations 
of the five dipoles. The bar plots in Fig. 3e depict the relative contributions of the five sources to each of the two 
PCs. The magnitude of each source is indicated by the bar length, while its orientation (0 or 180 degrees) is 
indicated by the bar sign. The model explained 91.3% of the variance of the PC1 topography with the AC/TP 
sources contributing more than the PMC and SMA sources, though all five dipoles contributed to the fit as the 
bar plot shows. For PC2, the model explained 80.2% of the topography with the PMC and SMA sources con-
tributing much more than the AC/TP sources. Notably, the PC2 topography was best explained by the available 
bilateral radially-oriented sources, namely the PMC sources in our model. The AC/TP sources in our model were 
largely tangentially-oriented in order to explain the frontocentral voltage concentration in the auditory evoked 
response (also the major part of the PC1 topography) and therefore contributed little to the fit. However, simply 
deactivating the AC/TP sources and SMA source in our model resulted in the fit of 47.9% for PC2. Therefore, 
we further explored the aforementioned observation that the PC2 waveform showed a N1c-like component, 
which could be explained by radially-oriented AC/TP sources. Indeed, re-fitting the orientation of bilateral AC/
TP sources without any other sources resulted in a fit of 88.7%, better than the fit of 72.3% obtained when fitting 

Figure 3. Evoked response, projections, and dipole source contributions. (a) Grand average evoked response 
across all participants and conditions from epochs around beats in the anticipation phase. Above are the 
topographies at latencies of 72, 104, 160, and 320 ms, falling around P1, N1, P2, and a slow response respectively. 
Black vertical lines mark the beat onsets at 0 and 600 ms. The top two principal components of the grand 
average are shown in (b,c). (b) Left: PC1 topography. Right: Evoked response projected onto PC1. (c) Left: PC2 
topography. Right: Evoked response projected onto PC2. (d) Five equivalent current dipole locations in bilateral 
auditory cortices (red and blue symbols, indicated as L-AC/TP and R-AC/TP), bilateral premotor cortices 
(green and magenta symbols, indicated as L-PMC and R-PMC), and supplementary motor area (brown symbol, 
indicated as SMA), overlaid on the template brain MRI. (e) Relative amplitude contributions of the five dipoles 
to the PC1 and PC2 topographies, normalised.
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the PMC orientations alone. This suggests that the AC/TP sources primarily contributed to the PC2 topography. 
Interestingly, however, keeping all radially-oriented AC/TP and PMC sources yielded the best result of 90.0%.

Induced beta-band oscillatory activities. The grand average TFRs from each condition in PC1 and PC2 
are illustrated in Fig. 4a. In general, the activities in the beta range have higher power (warm colours) around the 
beat onsets at 0 and 600 ms, and lower power between the beats (cool colours). Note that the entire beta range 
rather than one small sub-range is full of activity across the different conditions. Within each condition though, 
there may be multiple distinctive frequencies with strong activity. For the current study, in order to under-
stand the general differences between the conditions, only broad beta-band power modulations were analysed. 
Averaging the activity from 13–30 Hz, and correcting the baseline from −50–0 ms resulted in beta-band power 
trajectories for each condition and PC, shown overlaid in Fig. 4b. In the line plots, the beta power modulation 

Figure 4. Time-frequency representations (TFRs) of the grand average induced oscillatory power activities. 
(a) TFRs for PC1 and PC2 are shown in the left and right columns, respectively. Conditions are shown in rows. 
Vertical black lines mark the beat onsets at 0 and 600 ms. The colours represent power as percent change relative 
to the mean from 0–600 ms in each frequency bin. (b) Beta ERD/ERS from averaging adjacent frequency bins 
13–30 Hz in the TFRs in (a). The beta trajectories from PC1 are on the left, and those from PC2 are on the 
right. Vertical black lines show where beat onsets occurred. The beta-band activity in the three conditions are 
indicated by line colour (blue - acceleration; red - deceleration; grey - steady).
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patterns described above can be seen in every condition for both components. The grand average peak latency of 
ERD in the steady condition (Fig. 4b grey lines), was 224 and 264 ms for PC1 and PC2, respectively. The average 
amplitudes of the ERD in the three conditions were computed in 40 ms time windows around the peak and com-
pared by one-way ANOVA. For PC1, the factor Condition was significant [F(2, 19) = 4.252, p = 0.0216]. Post-hoc 
comparisons showed that the steady condition had the strongest ERD (lowest power), but the difference was only 
significant in comparison to the accelerating condition [Accel vs. Steady: t(19) = 3.1472, p_corrected = 0.0159; 
Decel vs. Steady: t(19) = 2.2532, p_corrected = 0.1089]. The difference between the accelerating and decelerating 
conditions was not significant [Accel vs. Decel: t(19) = 0.4806, p_corrected ≥ 1]. For PC2, the factor Condition 
was not significant [F(2, 19) = 0.130, p = 0.8787].

Discussion
In the present study we observed that: (1) behavioural RTs to tempo-change onsets were faster when participants 
anticipated cued tempo changes compared to uncued changes for all trial lengths, (2) the two strongest PCs of the 
grand average evoked response in the anticipation phase had source contributions predominantly from bilateral 
temporoparietal and motor areas, and (3) induced beta-band activities in PC1 were significantly attenuated by 
temporal anticipation.

Our first observation was that tempo-change onset detection in post-EEG behavioural testing improved 
with the presence of direction-specific cues. As indicated by improved RTs, cues facilitated the detection of 
tempo-change onsets beyond the detection possible without cues. Such cue efficacy is in line with other studies 
that found reduced RTs after cuing specific information about upcoming targets19,47. Cues seemed to help the 
participants use more effective anticipation strategies regardless of the tempo-change direction and trial length, 
since there was no significant difference between the acceleration and deceleration conditions, nor was there a 
significant interaction between direction and trial length. While uncued anticipation may have involved uncer-
tainty and attention to steady time points in order to determine if any beat was not steady, cued anticipation may 
have involved different processes.

RTs also improved for longer trial lengths, which is expected for two reasons. First, detecting tempo-change 
onsets, or what are essentially temporal errors, is easier when more contextual beats are given; many studies have 
shown that smaller temporal errors can be detected when occurring after longer contexts compared to shorter 
contexts48–51. Second, responding to targets after a long foreperiod also reduces RTs52. In general, the foreperiod 
effect reflects that as time goes on, certain events become more and more likely, and the increased expectation for 
a likely event can decrease RT53. In our stimuli, the participants did not know exactly when the tempo changes 
would start in either the cued or uncued cases, but for all the stimuli, the onsets became monotonically more 
likely over time and facilitated faster responses after long build-ups. It is, however, unexpected that the presence 
or absence of a cue did not interact significantly with variations in trial length, since uncertainty about a tempo 
change would decrease more strongly when cued trials last for a long time compared to uncued trials. The lack 
of an interaction, therefore, suggests that the anticipation process itself was not directly influenced by changes 
in certainty about the proximity of an upcoming tempo change. What we observed was that all trial lengths 
had faster RTs when the tempo-change direction was given by cue. Thus, we speculate that cued anticipation 
was stronger than uncued anticipation, facilitating behavioural readiness regardless of tempo-change direction. 
Deceleration onset detection did have marginally delayed RTs compared to acceleration onset detection, however 
detecting acceleration and deceleration onsets was not expected to be different because the perception of length-
ened and shortened intervals around 600 ms has not been found to be biassed54–57. Certain exemplary ritardandi 
in performed music are, however, approached more smoothly than accelerandi58, and differences in cognitive 
processing could exist.

Our second observation based on EEG data was that auditory and motor sources may have contributed to 
anticipatory neural activities. In the neural data, a majority of the activities during temporal anticipation were 
accounted for by two PCs. PC1 in particular captured 78.1% of the variance in the evoked data making it inform-
ative for studying induced responses coming from the same underlying sources. PC1 exhibited a frontocentral 
topography similar to those in auditory evoked responses, and had contributions from auditory/temporoparietal 
sources as well as some contributions from motor-related sources estimated through seed-based source analysis. 
PC2′s central topography had more contributions from premotor cortices and SMA relative to temporoparietal 
sources, however exploratory analysis revealed that radially-oriented temporoparietal sources likely contributed 
significantly to the topography. The brain areas used in the model were documented in neuroimaging studies22–25 
and were also consistent with beta sources in both passive and active listening found by MEG through beamform-
ing8,12 and analysis of sensor topographies during music tracking10. These sources may constitute a complex beta 
network that participates in top-down temporal processes such as temporal anticipation. Since the primary goal 
of this analysis was only to see the relative strength of predetermined sources, further research is needed to exam-
ine how these sources interact and what functional role they play in auditory temporal processing with techniques 
that permit more direct source access/analysis.

Our third observation based on EEG data was that beta ERD was attenuated by temporal anticipation. In 
the beta-band activities, our data indicated that temporal anticipation altered beta ERD only in PC1. Given that 
beta-band activity from PC2 was not affected by anticipation, it is possible that the sources likely contributing 
to PC2 (radially-oriented bilateral auditory cortices) are not highly sensitive to top-down processes related to 
temporal anticipation. Nevertheless, PC1 beta ERD amplitudes in the acceleration condition were significantly 
reduced compared to PC1 beta ERD found in the steady condition. It is noteworthy that the ERD observed in the 
steady condition matches well with previous data found during passive listening to isochronous beats; maximum 
ERD was found around 200 ms after the beat and was likely a result of bottom-up stimulus processing8,12,20,59. 
This suggests that anticipating no change of tempo was a relatively easy task akin to passive listening. The weaker 
ERD for the other two conditions however, may have been due to the interference or overlap of higher-level 
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processes required by the anticipation. Added attention given to the stimuli could likely be the cause of reduced 
beta ERD11,17,60. Such extra attention would be easy to exert in comparison to the steady condition which required 
little if any attention for anticipation, and both anticipated accelerations and decelerations could require added 
attention. Since there was little difference in RTs to acceleration and deceleration onsets in the behavioural data as 
well, temporal anticipation as captured by the current study seems to be similar for both types of tempo changes.

Other possible causes for reduced beta ERD include sustained effort to resist entrainment to the steady 
beats, similar to sustained posture or muscular force61 or sustained effort to resist an externally applied pos-
tural change62. This interpretation may not be likely however, because the motor source contributions were 
weaker than the auditory source contributions in PC1. Uncertainty about upcoming stimulus properties also 
could have resulted in diminished ERD, as shown in previous studies19,63,64. Due to the specific properties of 
our stimuli, there may have been multiple sources of uncertainty which deserve further consideration. First, as 
discussed above, temporal anticipation could be partially related to increasing levels of certainty over time for 
tempo-change onsets. However, this possibility is not fully compatible with our behavioural data which failed 
to show cue-specific advantages related to trial length. Admittedly, in our beta-band analyses, we did not sepa-
rately examine early and late portions of the anticipation period. Therefore, it is possible that beta-band changes 
might be affected by the length of the anticipation period, and could be related to increasing certainty levels 
for a temporal change in the acceleration and deceleration conditions. Second, uncertainty about target stimuli 
(non-gradual tempo changes) in our EEG trials should be considered, since they, rather than tempo-change 
onsets, were detected in the secondary task. However, uncertainty about targets alone cannot explain the larger 
ERD observed in the steady condition, as all three conditions (accel, decel, and steady) would involve the same 
uncertainty introduced by the target detection task. In fact, beta ERD obtained in the steady condition was akin 
to that previously shown in passive listening paradigms8 involving no uncertainty processing. Third, we should 
consider the increased certainty level for the local beat interval in the steady condition compared to the accel-
eration or deceleration conditions. This could actually successfully explain the greater ERD in the steady con-
dition, because the uncertainty of the next beat interval would reduce ERD when anticipating an acceleration 
or deceleration, as seen in our data. An additional remark is necessary, though, because the certainty of the 
tempo-change onset during anticipation, and the certainty of the beat interval timing are not independent in our 
paradigm; the former involves an additional process of intentional anticipation for the upcoming acceleration and 
deceleration as required of our musician subjects in the primary task. Lastly, because there is no tempo change 
in the steady condition, it is possible that uncertainty about the trial length actually increases over the course of 
each trial for this condition and could cancel out certainty related to the beat onset timing. In fact, no previous 
studies demonstrating the effects of stimulus certainty have systematically investigated different types of tempo-
ral stimulus uncertainty or their interactions with intentional processes like top-down anticipation investigate 
here19,63,64. For future studies examining musical anticipation, it will be important to dissociate contributions of 
intentional and incidental processing of stimulus characteristics. Finally, actively sustained expectations about 
upcoming stimulus timing changes may have caused reductions in beta ERD in the auditory cortex, similar to 
those in Chang et al.20, contributing to the overall reduction we observed in PC1. Such expectations could accom-
pany the hypothesised increase of attention as the cause of beta ERD reduction, but they would have likely led to 
differential effects in the acceleration and deceleration conditions. Therefore, increased attention to the stimuli 
seems to best explain our findings. It should be noted however, that attention for tactile stimuli has been found 
to enhance beta ERD65,66, thus the modality of the temporal anticipation is important to consider. Altogether, the 
effect observed in our beta-band data is consistent with ‘high-level’ anticipation involving an increased level of 
sustained attention during anticipation, and possibly multiple levels of certainty about the temporal structure of 
the stimuli. Though differences between the acceleration and deceleration conditions were not found, the current 
study was unique in that it showed the effect of top-down temporal anticipation in music-like contexts, involv-
ing fine-grained temporal differences, whereas previous studies investigated coarser temporal attention7,11,17 or 
explicit auditory imagery9,12 rather than sustained anticipation.

A question remains regarding the degree to which imagery was involved in temporal anticipation. While 
anticipation could entail imagery, such imagery may enhance beta ERD rather than reduce it, as we observed. 
Previous work showed imagining metrical stresses on unaccented auditory beats enhanced beta ERD12. Also, 
imagined movement caused more beta ERD at the time of the movement onset13 compared to baseline where 
no movement was imagined, and demanding motor imagery caused stronger beta ERD than simple motor 
imagery67. We found other EEG and MEG studies which investigated musical and temporal imagery but only 
evoked responses were analysed68–70. It would therefore be beneficial to specifically manipulate imagery within 
the temporal anticipation paradigm. This could be done by providing more or less musical context via score 
reading to ensure the stimuli remain simple enough to result in interpretable oscillatory responses. Also unan-
swered is how the observed beta effect specifically relates to different types of high-level endogenous processes, 
although we speculate that sustained attention likely played a major role here. Manipulations of uncertainty and 
attention could help determine whether the hypothesised cause for the observed beta ERD reductions is sup-
ported. For example, uncertainty could be manipulated by removing the visual cues from the EEG paradigm or 
providing false cues. Attention could be manipulated by requiring two simultaneous and demanding tasks. The 
possible role of temporal prediction could be examined by manipulating the predictability of the stimulus tempo 
changes by contrasting step-changes (highly predictable) and gradual changes (not predictable). Additionally, 
analyses beyond the beta range could be carried out. In particular, alpha-band power could be affected by tem-
poral anticipation and top-down attention. Previously, studies hypothesised that increased attention at the time 
of an expected visual target within a rhythmic visual sequence was responsible for alpha ERD when the target 
was late71. Also depth of alpha ERD has been related to inter-stimulus interval during predictive rhythmic visual 
sequences72. Thus, alpha and beta oscillations may both play roles in temporal anticipation.
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In general, the beta power modulations we observed aligned with the timing of isochronous stimuli, support-
ing the working hypothesis that the brain maintains predictions based on stimulus properties73–82. However, our 
neural and behavioural results also suggest that intentional mental states like anticipation can lead to alterations 
of the ongoing neural processes. We demonstrated that cued anticipation afforded improved tempo-change onset 
detection, and the effort of anticipating tempo changes weakened beta ERD coming from a neural component 
that involved both auditory and motor sources. Our results suggest that multiple neural sources may be active 
during top-down temporal anticipation, and that increased attention is likely the cognitive function underpin-
ning such temporal anticipation. Future work investigating temporal anticipation during actual tempo changes 
would be informative to further understand neural mechanisms for timing processing.

Data availability
The datasets obtained in the current study are available from the corresponding author on reasonable request.

Received: 3 January 2019; Accepted: 20 February 2020;
Published: xx xx xxxx

References
 1. Huron, D. Expectation in Time. In Sweet Anticipation; Music and the Psychology of Expectation 175–202 (MIT Press, 2006).
 2. Bhatara, A., Tirovolas, A. K., Duan, L. M., Levy, B. & Levitin, D. J. Perception of emotional expression in musical performance. J. 

Exp. Psychol. Hum. Percept. Perform. 37, 921–934 (2011).
 3. Palmer, C. Mapping Musical Thought to Musical Performance. J. Exp. Psychol. Hum. Percept. Perform. 15, 331–346 (1989).
 4. Juslin, P. N. & Madison, G. The Role of Timing Patterns in Recognition of Emotional Expression from Musical Performance. Music 

Percept. An Interdiscip. J. 17, 197–221 (1999).
 5. Penel, A. & Drake, C. Timing variations in music performance: Musical communication, perceptual compensation, and/or motor 

control? Percept. Psychophys. 66, 545–562 (2004).
 6. Pecenka, N. & Keller, P. E. The role of temporal prediction abilities in interpersonal sensorimotor synchronization. Exp. Brain Res. 

211, 505–515 (2011).
 7. Breska, A. & Deouell, L. Y. When Synchronizing to Rhythms Is Not a Good Thing: Modulations of Preparatory and Post-Target 

Neural Activity When Shifting Attention Away from On-Beat Times of a Distracting Rhythm. J. Neurosci. 36, 7154–7166 (2016).
 8. Fujioka, T., Trainor, L. J., Large, E. W. & Ross, B. Internalized Timing of Isochronous Sounds Is Represented in Neuromagnetic Beta 

Oscillations. J. Neurosci. 32, 1791–1802 (2012).
 9. Iversen, J. R., Repp, B. H. & Patel, A. D. Top-Down Control of Rhythm Perception Modulates Early Auditory Responses. Ann. N. Y. 

Acad. Sci. 1169, 58–73 (2009).
 10. Doelling, K. B. & Poeppel, D. Cortical entrainment to music and its modulation by expertise. Proc. Natl. Acad. Sci. E6233–E6242, 

https://doi.org/10.1073/pnas.1508431112 (2015)
 11. Todorovic, A., Schoffelen, J., Ede, F. Van, Maris, E. & Lange, F. Pde Temporal Expectation and Attention Jointly Modulate Auditory 

Oscillatory Activity in the Beta Band. PLoS One 10, 1–16 (2015).
 12. Fujioka, T., Ross, B. & Trainor, L. J. Beta-Band Oscillations Represent Auditory Beat and Its Metrical Hierarchy in Perception and 

Imagery. J. Neurosci. 35, 15187–15198 (2015).
 13. Pfurtscheller, G. & Lopes da Silva, F. H. Event-related EEG/MEG synchronization and desynchronization: basic principles. Clin. 

Neurophysiol. 110, 1842–1857 (1999).
 14. Kilavik, B. E., Zaepffel, M., Brovelli, A., Mackay, W. A. & Riehle, A. The ups and downs of beta oscillations in sensorimotor cortex. 

Exp. Neurol. 245, 15–26 (2013).
 15. Meijer, D., Woerd, Ete & Praamstra, P. Timing of beta oscillatory synchronization and temporal prediction of upcoming stimuli. 

Neuroimage 138, 233–241 (2016).
 16. Arnal, L. H., Doelling, K. B. & Poeppel, D. Delta-Beta Coupled Oscillations Underlie Temporal Prediction Accuracy. Cereb. Cortex 

25, 3077–3085 (2014).
 17. Saleh, M., Reimer, J., Penn, R., Ojakangas, C. L. & Hatsopoulos, N. G. Fast and Slow Oscillations in Human Primary Motor Cortex 

Predict Oncoming Behaviorally Relevant Cues. Neuron 65, 461–471 (2010).
 18. Kilavik, B. E. & Riehle, A. Timing structures’ neuronal activity during preparation for action. In Attention and Time (eds. Nobre, A. 

C. & Coull, J.) 257–271 (Oxford University Press, 2010), https://doi.org/10.1093/acprof
 19. Tzagarakis, C., Ince, N. F., Leuthold, A. C. & Pellizzer, G. Beta-Band Activity during Motor Planning Reflects Response Uncertainty. 

J. Neurosci. 30, 11270–11277 (2010).
 20. Chang, A., Bosnyak, D. J. & Trainor, L. J. Unpredicted pitch modulates beta oscillatory power during rhythmic entrainment to a tone 

sequence. Front. Psychol. 7, 1–13 (2016).
 21. Morillon, B. & Baillet, S. Motor origin of temporal predictions in auditory attention. Proc. Natl. Acad. Sci. E8913–E8921 (2017).
 22. Chen, J. L., Penhune, V. B. & Zatorre, R. J. Listening to musical rhythms recruits motor regions of the brain. Cereb. Cortex 18, 

2844–2854 (2008).
 23. Grahn, J. A. & Brett, M. Rhythm and Beat Perception in Motor Areas of the Brain. J. Cogn. Neurosci. 19, 893–906 (2007).
 24. Schubotz, R. I., Friederici, A. D. & Yves Von Cramon, D. Time perception and motor timing: A common cortical and subcortical 

basis revealed by fMRI. Neuroimage 11, 1–12 (2000).
 25. Thaut, M., Trimarchi, P. & Parsons, L. Human Brain Basis of Musical Rhythm Perception: Common and Distinct Neural Substrates 

for Meter, Tempo, and Pattern. Brain Sci. 4, 428–452 (2014).
 26. Keller, P. E. Joint Action in Music Performance. In Enacting Intersubjectivity: A Cognitive and Social Perspective on the Study of 

Interactions (eds. Morganti, F., Carassa, A. & Riva, G.) 205–221 (IOS Press, 2008).
 27. Rasch, R. A. R. Synchronization in performed ensemble music. Acustica 43, 121–131 (1979).
 28. Drake, C., Penel, A. & Bigand, E. Tapping in Time with Mechanically and Expressively Performed Music. Music Percept. 18, 1–23 

(2000).
 29. Graber, E. & Fujioka, T. Endogenous Expectations for Sequence Continuation after Auditory Beat Accelerations and Decelerations 

Revealed by P3a and Induced Beta-Band Responses. Neuroscience 413, 11–21 (2019).
 30. Picton, T. et al. Guidelines for using human event-related potentials to study cognition: Recording standards and publication 

criteria. Psychophysiology 37, 127–152 (2000).
 31. Picton, T. W. Human Auditory Evoked Potentials. (Plural Publishing Inc., 2011).
 32. Tadel, F., Baillet, S., Mosher, J. C., Pantazis, D. & Leahy, R. M. Brainstorm: A user-friendly application for MEG/EEG analysis. 

Comput. Intell. Neurosci. 2011(879716), 1–13 (2011).
 33. Harner, R. N. Singular Value Decomposition-A general linear model for analysis of multivariate structure in the 

electroencephalogram. Brain Topogr. 3, 43–47 (1990).

https://doi.org/10.1038/s41598-020-61044-9
https://doi.org/10.1073/pnas.1508431112
https://doi.org/10.1093/acprof


1 1Scientific RepoRtS |         (2020) 10:4207  | https://doi.org/10.1038/s41598-020-61044-9

www.nature.com/scientificreportswww.nature.com/scientificreports/

 34. Lagerlund, T. D., Sharbrough, F. W. & Busacker, N. E. Spatial Filtering of Multichannel Electroencephalographic Recordings 
Through Principal Component Analysis by Singular Value Decomposition. J. Clin. Neurophysiol. 14, 73–82 (1997).

 35. Salmelin, R. et al. Functional segregation of movement-related rhythmic activity in the human brain. Neuroimage 2, 237–243 (1995).
 36. Bai, O. et al. Exploration of computational methods for classification of movement intention during human voluntary movement 

from single trial EEG. Clin. Neurophysiol. 118, 2637–2655 (2007).
 37. Bernat, E. M., Williams, W. J. & Gehring, W. J. Decomposing ERP time-frequency energy using PCA. Clin. Neurophysiol. 116, 

1314–1334 (2005).
 38. De Cheveigné, A., Edeline, J. M., Gaucher, Q. & Gourévitch, B. Component analysis reveals sharp tuning of the local field potential 

in the guinea pig auditory cortex. J. Neurophysiol. 109, 261–272 (2013).
 39. Makeig, S. & Onton, J. ERP Features and EEG Dynamics: An ICA Perspective. In The Oxford Handbook of Event-Related Potential 

Components (eds. Kappenman, E. S. & Luck, S. J.) 1–53 (Oxford Handbooks Online, 2012).
 40. Miwakeichi, F. et al. Decomposing EEG data into space-time-frequency components using Parallel Factor Analysis. Neuroimage 22, 

1035–1045 (2004).
 41. Mørup, M., Hansen, L. K., Herrmann, C. S., Parnas, J. & Arnfred, S. M. Parallel Factor Analysis as an exploratory tool for wavelet 

transformed event-related EEG. Neuroimage 29, 938–947 (2006).
 42. Rahman, M. A., Khanam, F., Hossain, M. K., Alam, M. K. & Ahmad, M. Four-class motor imagery EEG signal classification using 

PCA, wavelet and two-stage neural network. Int. J. Adv. Comput. Sci. Appl. 10, 481–490 (2019).
 43. Crottaz-Herbette, S. & Menon, V. Where and When the Anterior Cingulate Cortex Modulates Attentional Response: Combined 

fMRI and ERP Evidence. J. Cogn. Neurosci. 18, 766–780 (2006).
 44. Heinze, H. J. et al. Combined spatial and temporal imaging of brain activity during visual selective attention in humans. Nature 372, 

543–546 (1994).
 45. Opitz, B., Mecklinger, A., Friederici, A. D. & Von Cramon, D. Y. The functional neuroanatomy of novelty processing: Integrating 

ERP and fMRI results. Cereb. Cortex 9, 379–391 (1999).
 46. Peirce, J. W. PsychoPy-Psychophysics software in Python. J. Neurosci. Methods 162, 8–13 (2007).
 47. Coull, J. T. & Nobre, A. C. Where and when to pay attention: the neural systems for directing attention to spatial locations and to 

time intervals as revealed by both PET and fMRI. J Neurosci 18, 7426–35 (1998).
 48. Barnes, R. & Jones, M. R. Expectancy, attention, and time. Cogn. Psychol. 41, 254–311 (2000).
 49. Drake, C. & Botte, M.-C. Tempo sensitivity in auditory sequences: Evidence for a multiple-look model. Percept. Psychophys. 54, 

277–286 (1993).
 50. Friberg, A. & Sundberg, J. Time discrimination in a monotonic, isochronous sequence. J. Acoust. Soc. Am. 98, 2524–2531 (1995).
 51. McAuley, J. D. & Jones, M. R. Modeling effects of rhythmic context on perceived duration: a comparison of interval and entrainment 

approaches to short-interval timing. J. Exp. Psychol. Hum. Percept. Perform. 29, 1102–1125 (2003).
 52. Niemi, P. & Näätänen, R. Foreperiod and Simple Reaction Time. Psychol. Bull. 89, 133–162 (1981).
 53. Nobre, A., Correa, A. & Coull, J. The hazards of time. Curr. Opin. Neurobiol. 17, 465–470 (2007).
 54. Grondin, S. & Laforest, M. Discriminating the tempo variations of a musical excerpt. Acoust. Sci. Techn. 25, 159–162 (2004).
 55. Hibi, S. Rhythm perception in repetitive sound sequence. J. Acoust. Soc. Japan 4, 83–95 (1983).
 56. Madison, G. Detection of linear temporal drift in sound sequences: Empirical data and modelling principles. Acta Psychol. (Amst). 

117, 95–118 (2004).
 57. Vos, P. G., Assen, Mvan & Franek, M. Perceived tempo change is dependent on base tempo and direction of change: Evidence for a 

generalized version of Schulze’s (1978) internal beat model. Psychol. Res. 59, 240–247 (1997).
 58. Feldman, J., Epstein, D. & Richards, W. Force Dynamics of Tempo Change in Music. Music Percept. An Interdiscip. J. 10, 185–203 (1992).
 59. Fujioka, T., Trainor, L. J., Large, E. W. & Ross, B. Beta and gamma rhythms in human auditory cortex during musical beat processing. 

Ann. N. Y. Acad. Sci. 1169, 89–92 (2009).
 60. Doelling, K. B., Arnal, L. H., Ghitza, O. & Poeppel, D. Acoustic landmarks drive delta-theta oscillations to enable speech 

comprehension by facilitating perceptual parsing. Neuroimage 85, 761–768 (2014).
 61. Engel, A. K. & Fries, P. Beta-band oscillations - signalling the status quo? Curr. Opin. Neurobiol. 20, 156–165 (2010).
 62. Androulidakis, A. G. et al. Anticipatory changes in beta synchrony in the human corticospinal system and associated improvements 

in task performance. Eur. J. Neurosci. 25, 3758–3765 (2007).
 63. Zaepffel, M., Trachel, R., Kilavik, B. E. & Brochier, T. Modulations of EEG Beta Power during Planning and Execution of Grasping 

Movements. PLoS One 8, e60060 (2013).
 64. Tzagarakis, C., West, S. & Pellizzer, G. Brain oscillatory activity during motor preparation: effect of directional uncertainty on beta, 

but not alpha, frequency band. Front. Neurosci. 9, Article 246 (2015).
 65. van Ede, F., Jensen, O. & Maris, E. Tactile expectation modulates pre-stimulus beta-band oscillations in human sensorimotor cortex. 

Neuroimage 51, 867–876 (2010).
 66. Bardouille, T., Picton, T. W. & Ross, B. Attention modulates beta oscillations during prolonged tactile stimulation. Eur. J. Neurosci. 

31, 761–769 (2010).
 67. Brinkman, L., Stolk, A., Dijkerman, H. C., Lange, F. P. D. & Toni, I. Distinct Roles for Alpha- and Beta-Band Oscillations during 

Mental Simulation of Goal-Directed Actions. J. Neurosci. 34, 14783–14792 (2014).
 68. Desain, P. & Honing, H. Single trial ERP allows Detection of Perceived and Imagined Rhythm. In Proceedings of the RENCON 

workshop, International Joint Conference on Artificial Intelligence 1–4 (2003).
 69. Herholz, S. C., Lappe, C., Knief, A. & Pantev, C. Imagery mismatch negativity in musicians. Ann. N. Y. Acad. Sci. 1169, 173–177 

(2009).
 70. Okawa, H., Suefusa, K. & Tanaka, T. Neural Entrainment to Auditory Imagery of Rhythms. Front. Hum. Neurosci. 11, 1–11 (2017).
 71. Praamstra, P., Kourtis, D., Kwok, H. F. & Oostenveld, R. Neurophysiology of Implicit Timing in Serial Choice Reaction-Time 

Performance. J. Neurosci. 26, 5448–5455 (2006).
 72. Breska, A. & Deouell, L. Y. Automatic Bias of Temporal Expectations following Temporally Regular Input Independently of High-

level Temporal Expectation. J. Cogn. Neurosci. 26, 1555–1571 (2014).
 73. Arnal, L. H. & Giraud, A.-L. Cortical oscillations and sensory predictions. Trends Cogn. Sci. 16, 390–398 (2012).
 74. Engel, A. K., Fries, P. & Singer, W. Dynamic Predictions: Oscillations and Synchrony in Top-Down Processing. Nat. Rev. Neurosci. 2, 

704–716 (2001).
 75. Friston, K. A theory of cortical responses. Phil. Trans. R. Soc. B 360, 815–836 (2005).
 76. Iversen, J. R. & Balasubramaniam, R. Synchronization and temporal processing. Curr. Opin. Behav. Sci. 8, 175–180 (2016).
 77. Jones, M. R. & Boltz, M. Dynamic attending and responses to time. Psychol. Rev. 96, 459–491 (1989).
 78. Large, E. W. & Jones, M. R. The Dynamics of Attending: How People Track Time-Varying Events. Psychol. Rev. 106, 119–159 (1999).
 79. Large, E. W., Herrera, J. A. & Velasco, M. J. Neural Networks for Beat Perception in Musical Rhythm. Front. Syst. Neurosci. 9, 159 

(2015).
 80. Pecenka, N., Engel, A. & Keller, P. E. Neural correlates of auditory temporal predictions during sensorimotor synchronization. Front. 

Hum. Neurosci. 7, 1–16 (2013).
 81. Schall, J. D. Neural basis of deciding, choosing and acting. Nat. Rev. Neurosci. 2, 33–42 (2001).
 82. van der Steen, M. C., Jacoby, N., Fairhurst, M. T. & Keller, P. E. Sensorimotor synchronization with tempo-changing auditory 

sequences: Modeling temporal adaptation and anticipation. Brain Res. 1626, 66–87 (2015).

https://doi.org/10.1038/s41598-020-61044-9


1 2Scientific RepoRtS |         (2020) 10:4207  | https://doi.org/10.1038/s41598-020-61044-9

www.nature.com/scientificreportswww.nature.com/scientificreports/

Acknowledgements
This work was supported by the Department of Music at Stanford University. We sincerely thank Dr. Bernhard 
Ross and Dr. Pierre Divenyi for their helpful discussion in earlier stages of the study and feedback on an earlier 
version of the manuscript.

Author contributions
E.G. and T.F. designed the study, E.G. collected the data, E.G. and T.F. analysed the data and wrote the paper.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to E.G.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2020

https://doi.org/10.1038/s41598-020-61044-9
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Induced Beta Power Modulations during Isochronous Auditory Beats Reflect Intentional Anticipation before Gradual Tempo Chan ...
	Methods and Materials
	Participants. 
	Stimuli for EEG. 
	Behavioural task during EEG recording. 
	EEG recording and data analysis. 
	Post-EEG behavioural session and data analysis. 

	Results
	Behavioural performance. 
	Principal components and source contributions. 
	Induced beta-band oscillatory activities. 

	Discussion
	Acknowledgements
	Figure 1 Summary of EEG stimuli.
	Figure 2 Reaction times (RTs) in the behavioural test.
	Figure 3 Evoked response, projections, and dipole source contributions.
	Figure 4 Time-frequency representations (TFRs) of the grand average induced oscillatory power activities.
	Table 1 Significant results in post-hoc comparisons of RT in different trial lengths in the behavioural test (5 levels with 3, 6, 9, 12 or 15 beats before the tempo change).




