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Extracting temporal regularities in external stimuli in order to predict upcoming events
is an essential aspect of perception. Fluctuations in induced power of beta band
(15–25 Hz) oscillations in auditory cortex are involved in predictive timing during
rhythmic entrainment, but whether such fluctuations are affected by prediction in the
spectral (frequency/pitch) domain remains unclear. We tested whether unpredicted
(i.e., unexpected) pitches in a rhythmic tone sequence modulate beta band activity
by recording EEG while participants passively listened to isochronous auditory oddball
sequences with occasional unpredicted deviant pitches at two different presentation
rates. The results showed that the power in low-beta (15–20 Hz) was larger around
200–300 ms following deviant tones compared to standard tones, and this effect was
larger when the deviant tones were less predicted. Our results suggest that the induced
beta power activities in auditory cortex are consistent with a role in sensory prediction
of both “when” (timing) upcoming sounds will occur as well as the prediction precision
error of “what” (spectral content in this case). We suggest, further, that both timing
and content predictions may co-modulate beta oscillations via attention. These findings
extend earlier work on neural oscillations by investigating the functional significance
of beta oscillations for sensory prediction. The findings help elucidate the functional
significance of beta oscillations in perception.
Keywords: sensory prediction, beta band, EEG oscillations, rhythmic entrainment, pitch, attention, auditory
cortex, oddball

INTRODUCTION
Perceptual systems extract regularities from the stream of continuous sensory input, and form
internal representations for predicting future events. Predictive timing is the sensory prediction (or
expectation) of when an event will occur (Nobre et al., 2007; Schroeder and Lakatos, 2009). Such
predictions are hypothesized to be essential for many human behaviors, including understanding
speech and music (Ding et al., 2015; Doelling and Poeppel, 2015), and synchronizing movements
(Jenkinson and Brown, 2011; Fujioka et al., 2012, 2015; Kilavik et al., 2013). Predictive timing can
be studied at a basic level in that an isochronous stream of metronome clicks sets up a strong
prediction for when the next click will occur.
Entrainment is the process of internal neural oscillations becoming synchronized with temporal
regularities in an external auditory rhythmic input stream, and it provides a mechanism for
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Although delta phase and induced beta power are both
associated with temporal prediction, compared to the compelling
evidence for delta oscillations, the functional significance of
beta oscillations in perceptual processing remains less clear.
We hypothesized that the entrainment of induced beta power
in auditory cortex to an external stimulus might reflect more
than predictive timing. Specifically, given that auditory cortex
is sensitive to both spectral and temporal dimensions of the
input (Fritz et al., 2003; Griffiths and Warren, 2004; King and
Nelken, 2009), and auditory evoked ERP components can be
interactively modulated by predictions of both pitch and time
(Costa-Faidella et al., 2011), beta oscillations might also reflect
predictive coding for specific content, such as pitch. In order
to examine this hypothesis, we conducted two experiments in
which we presented isochronous auditory oddball sequences
containing occasional deviations in pitch at different presentation
rates. If the induced beta power only reflects predictive timing,
the occasional unpredicted pitch changes should not affect the
ongoing beta entrainment behavior, given that the pitch deviants
are presented at the predicted rhythmic time points. On the other
hand, if the induced beta power is affected by the unpredicted
deviant pitches, it would suggest that beta power is associated
with predictive perceptual processing for both what and when.
In the case that induced beta power is affected by unpredicted
deviant pitches, we examine further whether it is modulated by
response to novelty (rare events in the preceding local context) or
prediction error (the probability of encountering a deviant pitch
under the statistical conditions of the context).

predicting future events in time (Jones, 2010). Such entrainment
appears to be accomplished in the brain by neural oscillatory
activity, which has been shown to represent temporal regularities
in the sensory input, as well as the prediction of upcoming
sensory events (Friston, 2005; Jones, 2010; Arnal and Giraud,
2012; Fujioka et al., 2012, 2015; Henry and Herrmann,
2014; Morillon and Schroeder, 2015; Herrmann et al., 2016).
While time domain event-related potential (ERP) analyses
of electroencephalogram (EEG) waveforms in response to
unpredicted stimuli have revealed aspects of neural processes
underlying sensory prediction (e.g., Costa-Faidella et al., 2011;
Schwartze and Kotz, 2013; Schröger et al., 2015), recent
studies indicate that neural oscillatory activities obtained by
decomposing EEG signals into frequency-specific bands reveal
processes of communication between neural ensembles (Buzsaki,
2006) that are essential to sensory prediction (Arnal and Giraud,
2012).
Oscillatory activities in sensory cortices in both delta (1–3 Hz)
and beta (15–25 Hz) bands are associated with temporal
prediction (Henry and Herrmann, 2014). The phase of the
delta oscillation shows entrainment to rhythmic sequences
and it is reset by the onset of a stimulus and predicted
(imagined) onset of a future stimulus. On this basis, it has
been suggested that delta phase reflects an oscillatory time
frame for parsing a continuous sensory stream into meaningful
chunks for subsequent perceptual processing (Schroeder and
Lakatos, 2009; Calderone et al., 2014). Neural responses to
sensory inputs that occur at the time of the excitation phase
of delta oscillations are enhanced compared to those that
coincide with the inhibition phase (Schroeder and Lakatos,
2009). Local field potential recordings in primary visual and
auditory cortices of macaque monkeys show that the delta
phase entrains to the onsets of stimuli in rhythmic stimulus
streams (Lakatos et al., 2008, 2013), consistent with intracranial
electrocortical and surface EEG recordings in humans (Besle
et al., 2011; Gomez-Ramirez et al., 2011; Henry and Obleser, 2012;
Herrmann et al., 2016), and it can be endogenously directed by
selectively attending to one or the other of two simultaneous
stimulus streams (Lakatos et al., 2008, 2013; Calderone et al.,
2014).
The amplitude fluctuation dynamics of induced (non-phaselocked) beta band power also entrain to the tempo of events in an
auditory input stream, as well as reflecting temporal prediction.
EEG and MEG recordings of isochronous auditory sequences
show that induced beta power decreases following each tone
onset, and increases again prior to the onset time of the next
tone, with the timing of the increase varying with tempo in a
predictive manner (Snyder and Large, 2005; Fujioka et al., 2009,
2012, 2015; Iversen et al., 2009; Cirelli et al., 2014; Figure 1).
Both delta phase angle and beta power in auditory and motor
areas in the pre-stimulus onset period predict the accuracy of
detecting a temporal delay in the stimulus (Arnal et al., 2015).
Furthermore, in primary motor cortex, beta power is modulated
by attention, and aligned with the delta phase, suggesting that
beta power might reflect attentional fluctuation in time and delta
phase an entrained internal clock that aids in the execution of a
motor task (Saleh et al., 2010).
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MATERIALS AND METHODS
Stimuli
Two recorded piano tones, C4 (262 Hz) and B4 (494 Hz), from
the University of Iowa Musical Instrument Samples were used.
The amplitude envelopes of the piano tones were percussive with
10 ms rise times. Tones were truncated to be 200 ms in duration,
and a linear decay to zero was applied over the entire excerpt
to remove offset artifact. The DC shift was removed for each
tone. Sounds were converted into a monaural stream at 71 dB
(C weighted), measured through an artificial ear (type 4152, Brüel
& Kjær) with sound level meter (type 2270, Brüel & Kjær).

Procedure
The experiment was conducted in a sound-attenuated room.
Each participant was presented with a continuous sequence of
tones in two sessions, each lasting 30 min, while they watched
a silent movie on a computer screen. Participants took a 3-min
break between sessions. Sounds were delivered binaurally via ear
inserts (Etymotic Research ER-2). All stimulus sequences were
presented under the control of a digital signal processor (Tucker
Davis RP2.1).
The tones were presented in an oddball sequence. The C4 tone
was used as the standard and the B4 tone as the deviant. For
the first group of participants, the inter-onset interval (IOI) was
fixed at 500 ms. There were 3600 tones presented in each session,
and the deviance occurrence rate was 10% in one session and
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FIGURE 1 | Schematic illustrations of power modulation in induced (non-phase-locked) beta (15–25 Hz) entraining to the tempo of the stimuli.
Specifically, power decreases following isochronous onsets and increases that predict the onset time of the next stimulus (e.g., Fujioka et al., 2012; Cirelli et al.,
2014). The dotted curve above the beta waveform envelope represents this power modulation.

20% in the other session, with an equal number of participants
completing the 10% or 20% session first. Within each session,
tone order was pseudorandomized with the constraint that two
deviant tones could not be presented sequentially, and each
session started with five consecutive standard tones. Participants
were instructed to sit comfortably and remain as still as possible
during the experiment while watching a silent movie. They were
not required to make any responses.
In order to replicate and to generalize the findings to a
different presentation rate, for a second group of participants,
we employed a longer IOI of 610 ms in an isochronous oddball
sequence with the 10% deviant tones condition. Otherwise, the
procedure for group two was the same as that for group one.
For convenience, we refer to the 500 ms IOI experimental
sessions (10% and 20% deviance occurrence rates) as the Fast
Experiment, and the 610 ms IOI experimental session (10%
deviance occurrence rate only) as the Slow Experiment.

Signal Processing of the EEG Data
Three stages of signal processing were conducted in order to
examine the behavior of auditory evoked and induced oscillations
in bilateral auditory cortices. In the first stage, we obtained
a dipole source model based on auditory evoked responses,
following Fujioka et al. (2012). The second stage segmented and
categorized the source waveform into epochs based on the relative
order of the presented auditory sequence. In the third stage,
epochs containing excessive artifacts were rejected.

Stage 1: Dipole Source Modeling
The continuous EEG data was band-pass filtered 0.3–100 Hz
for each participant for each session, and then segmented into
epochs covering the time period -100 to 300 ms, time locked to
stimulus onset. Epochs containing standard tones that preceded
and followed other standard tones with amplitudes exceeding
150 µV were rejected as artifacts. The surviving standard epochs
(89.6% ± 5.1% for 10% session and 89.5% ± 5.1% for 20% session
of Fast Experiment, and 88.4% ± 5.5% of Slow Experiment) were
averaged into ERP waveforms and band pass filtered between
1 and 20 Hz (Figure 2). To confirm that our oddball context
was set up appropriately, a similar procedure was performed
on the deviant epochs, and the average of the standard epochs
subtracted from the average of the deviant epochs in order
to produce difference waves. As can be seen in Figure 2,
both mismatch negativity (MMN) and P3a responses can be
observed, consistent with the literature on ERP responses in
oddball contexts (Friedman et al., 2001). Paired t-tests, performed
on the average of channels in the mid-frontal area (F1, Fz,
F2, FC1, FCz, and FC2), confirmed the presence of an MMN
component between 100 and 120 ms; specifically, deviant trials
were significantly more negative than standard trials in this
time window in all sessions of both Fast and Slow Experiments
(ps < 0.001). There was also a P3a component between 200
and 220 ms: deviant trials were significantly more positive than
standard trials in this time window in all sessions of both Fast and
Slow Experiments (ps < 0.001). It is worth noting that although
the latencies of MMN and P3a observed in the current study were

Participants
Sixteen participants (17–22 years old, mean age 18.93 ± 1.39;
12 female) for the Fast Experiment and a different thirteen
participants (17–21 years old, mean age 18.62 ± 1.33, 10
female) for the Slow Experiment were recruited from the
McMaster University community. Participants were screened
by a self-report survey to ensure they had normal hearing,
were neurologically healthy and were right-handed. Signed
informed consent was obtained from each participant. The
McMaster University Research Ethics Board approved all
procedures. Participants received course credit or reimbursement
for completing the study.

Electroencephalographic Recording
The EEG was sampled at 2048 Hz (filtered DC to 417 Hz)
using a 128-channel Biosemi Active Two amplifier (Biosemi
B.V., Amsterdam). The electrode array was digitized for each
participant (Polhemus Fastrak) prior to recording. EEG data were
stored as continuous data files referenced to the vertex electrode.
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FIGURE 2 | Auditory evoked event-related potential (ERP) waveforms of mid-frontal electrodes from the (A) 10% session and (B) 20% session of the
Fast Experiment, and (C) Slow Experiment. Waveforms were collected using 128 EEG channels, and averaged across channels located at the mid-frontal area
(F1, Fz, F2, FC1, FCz, and FC2), with stimulus-onset at 0 ms (indicated by the vertical dashed line in each plot). The shaded areas indicate the SEMs of standard trial
(blue), deviant trial (red), and the difference waveform of deviant minus standard trial (black). The ERP waveforms of standard trials show a prominent P1 component
around 70–90 ms (indicated by the blue line above each waveform). P1 topography of each session (inset; red represents positive potential, blue negative) shows a
mid-frontal focus, consistent with generators in primary auditory cortex. The ERP difference waveforms show significant MMN (100–120 ms, indicated by the black
line below each waveform) and P3a (200–220 ms, indicated by the black line above each waveform) components. The topography of the MMN (inset) shows the
typical frontal negativity of the MMN. The P3a is larger in deviant than standard trials (inset), with typical topography showing a frontal positivity.

generated primarily from primary auditory cortex (Godey et al.,
2001). The mean locations of fitted dipoles across participants
were at Talairach coordinates −45.0, −3.2, 16.2 with orientation
(0.2, 0.6, 0.8) and 45.0, −3.2, 16.2 with orientation (−0.1, 0.7, 0.7)
in the 10% session of the Fast Experiment; and at −45.4, −3.1,
17.2 with orientation (0.3, 0.7, 0.7) and 45.4, −3.1, 17.2 with
orientation (−0.1, 0.8, 0.6) in the 20% session of the Fast
Experiment; and −44.9, −4.7, 16.4 with orientation (0.1, 0.7,
0.7) and 44.9, −4.7, 16.4 with orientation (−0.2, 0.7, 0.7) in
the Slow Experiment, which are all closely located at bilateral
primary auditory cortices with orientations toward the midfrontal surface area (Figure 3). The residual variances of the
source fittings for each session for each participant were between
5% and 10%.

earlier than are sometimes reported (e.g., MMN: 150–250 ms,
P3a: 250–300 ms; Friedman et al., 2001; Näätänen et al., 2007;
Polich, 2007), our results are consistent with several previous
studies showing that the latencies of MMN and P3a are as short
as around 100 and 200 ms, respectively, when the stimuli are
presented in a rhythmic context with IOIs less than or equal to
700 ms (e.g., Regnault et al., 2001; Jongsma et al., 2004; Pablos
Martin et al., 2007; Matsuda et al., 2013).
We employed a dipole source model as a spatial filter for
increasing the signal-to-noise ratio of the EEG signal generated
from left and right auditory cortices for subsequent analyses.
A previous study showed that beta activities generated in both
auditory and motor cortices entrained to external auditory
rhythms when participants passively listened to isochronous
sequence of tones (Fujioka et al., 2012). In the present study,
we were primarily interested in responses from auditory areas,
so we analyzed the EEG signals in source space rather than
from surface channels, to extract the oscillatory signals generated
from auditory cortex while attenuating signals generated from
other brain regions. The source modeling was performed on each
participant’s mean standard ERP waveform using the multiple
source probe scan algorithm and the four-shell ellipsoid model
included in the Brain Electrical Source Analysis (BESA) software
package. Two auditory cortex sources were estimated for each
participant for the auditory evoked P1 (60–100 ms; Figure 2)
with the dipoles constrained to be symmetric across hemispheres
in location but not orientation. P1 was chosen because it is
the dominant peak at fast presentation rates (N1 peaks are
strongly reduced at fast rates; Näätänen and Picton, 1987), and is
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Stage 2: Epoching
Based on individual participant dipole model fits for each
session, the source activities of single trials in auditory cortices
were extracted for all epoch types using signal space projection
following Fujioka et al. (2012). Because we were interested in
the inter-stimulus neural responses, and to avoid edge effects in
subsequent time-frequency analysis, the unfiltered EEG data of
each session were segmented into relatively long -500 to 1000 ms
epochs, where 0 ms represents a stimulus onset. The epochs were
categorized based on the relative position of tones presented in
the experiment, including standard (standard tones between two
standard tones), deviant (deviant tones between two standard
tones) and SpreD (standard tones preceding a deviant tone and
following a standard tone). The individual source waveform
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pass the criteria at this stage. For the remaining participants
66.18% ± 8.68% of the epochs in the Fast Experiment and
71.57% ± 10.54% in the Slow Experiment were accepted for
further analysis.

Time-Frequency Decompositions
Time-frequency decompositions were calculated for each
participant on each single-epoch source waveform in left and
right auditory cortices and for each stimulus condition using
a Morlet wavelet transform (Bertrand et al., 1994) for beta
frequency band.
In order to remove the evoked (phase-locked) responses from
the epoch and thereby obtain the induced (non-phase-locked)
responses for subsequent analyses on beta band, we averaged the
source waveform for each trial type (evoked response estimate),
and then subtracted it from each source waveform epoch (Kalcher
and Pfurtscheller, 1995; Fujioka et al., 2012).
The Morlet wavelet transformation was calculated for each
time point for each induced epoch with 32 logarithmically spaced
frequency bins between 15 and 25 Hz. The wavelet was designed
such that the half-maximum width was equal to 3.25 periods of
the lowest frequency while the width was equal to 3.56 periods
of the highest frequency, linearly interpolated for each frequency
bin in between. Subsequently, 300 ms at the beginning and ending
of the epoch were eliminated to avoid edge effects. The induced
oscillatory mean signal power was calculated by averaging the
magnitude of each time-frequency point of wavelet coefficients
across trials. Normalizing this to the mean value of the standard
epochs across the whole epoch for each frequency resulted in
relative signal power changes expressed as a percentage (Fujioka
et al., 2012), and all types of epochs within the same session were
compared to the same baseline (mean power in the averaged
standard epoch between 0 and 500 ms). The fluctuation in power
for each type of epoch at each frequency was visualized as a
function of time and frequency in color-coded maps of eventrelated synchronization and desynchronization (Pfurtscheller
and Lopes da Silva, 1999).

FIGURE 3 | The mean locations and orientations of dipoles. Dipole
locations were symmetrically fitted for the auditory P1 ERP component across
participants for each (A) 10% session and (B) 20% session of the Fast
Experiment, and (C) Slow Experiment, presented in both sagittal and coronal
planes. The fitted dipoles are closely located at bilateral primary auditory
cortices with orientations toward frontal midline.

Discrete Fourier Transform for Neural
Oscillation Entrainment

epochs as well as raw channel EEG data were exported from BESA
to MATLAB for further processing.

In order to examine whether the observed neural oscillation
activity entrained to the presented stimulus rate, we analyzed the
time series of each participant’s normalized mean induced beta
power (derived as above) via discrete Fourier transforms (DFT).
For each participant, we took the -200 to 700 ms epoch for the
averaged induced beta power from the wavelet transform, zeropadded to 5 s in order to increase the frequency resolution of the
DFT to a bin size 0.2 Hz. For each of the beta power time series,
the power spectrums revealed by the DFTs were averaged across
participants at each of the left and right auditory cortices.

Stage 3: Artifact Rejection
Another artifact rejection procedure was applied to the raw 128channel data. Epochs identified to have artifacts were noted, and
the corresponding source waveform epochs were eliminated from
further analysis. Thus we made sure the source waveform epochs
entered into the time-frequency analysis in the next stage were
artifact-reduced and unfiltered, to maximize the signal-to-noise
ratio. Because we aimed to reject epochs containing EOG or
EMG responses, each raw channel EEG epoch was filtered by a
third-order Butterworth band pass filter (1–60 Hz). The filtered
EEG epochs that exceeded a threshold (40 µV, compared to
the baseline mean voltage of -100–0 ms) for more than 10% of
the epoch at any channel were excluded from further analysis.
An additional seven participants’ data were not included in the
current data set because more than 50% of their epochs did not
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Data Analysis and Statistics
In order to examine whether the deviant tone affected the beta
band induced power (1) we compared the standard and deviant
trials for each individual participant for both the 10% and 20%
deviance sessions to identify deviant-elicited prediction error
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right auditory cortex, the power difference of “deviant–standard”
trials peaked around 200–300 ms in the low-beta band at right
auditory cortex (Figure 5B), which is consistent with the results
of the 10% session. We further compared the power difference of
“deviant–standard” trials between the 10% and 20% sessions at
the previously identified cluster. The Wilcoxon signed-rank test
showed that the power difference was significantly larger in the
10% session than in the 20% session (p = 0.026), with a large effect
size (rank correlation = 0.56). Taken together, this indicates that
the induced power in low-beta band around 200–300 ms after
stimulus onset was higher in deviant trials than in standard trials,
and that this effect was larger in the 10% session than in the 20%
session.
The results of the Slow Experiment replicated the results of
the Fast Experiment. A cluster-based permutation test showed
only one significant cluster around 200–300 ms after stimulus
onset at 15–19 Hz at right auditory cortex (p = 0.026; Figure 5C),
in which the mean induced power was larger in the deviant
trials than the standard trials with a large effect size (rank
correlation = 0.79).
To further distinguish whether the deviant-induced responses
in low-beta band are associated with prediction error or response
to novelty (rare events in the preceding local context), given that
both processes can be engaged by deviant stimuli in an oddball
context (Friedman et al., 2001), we performed an additional
analysis for standard tones occurring in different places in
the sequence. This was based on the idea that in an oddball
sequence, not only can the presentation of a deviant tone violate
a prediction for a standard tone, but also the presentation of a
standard tone that follows several standard tones in a row can
violate an expectation (prediction) for a deviant tone. Specifically,
the more standards that occur in a row, the more likely it is that
a deviant will occur next, given a fixed overall probability of a
deviant. On the other hand, a standard occurring after several
standards in a row would not elicit a novelty response, as there
is no change in the stimulus. If the beta band response that we
measured reflects prediction error and not response to novelty,
then the response to standard tones should depend on how many
standards occurred prior to the standard of interest (as each
successive standard builds prediction for an eventual deviant),
whereas if the response simply associates with novelty, there
should be a larger response to standards in the 20% than 10%
condition, but no effect of how many standards occur in a row.
Given that a deviant tone must occur eventually along the time
line (Luce, 1986; Nobre et al., 2007), the conditional likelihood
of encountering a standard tone decreases with the number of
repetitions of the standard tone in a row, and thus, on average,
the prediction of standard tones preceding a deviant tone will
be lower in the 10% than in the 20% session since there are on
average more standards in a row before each deviant in the 10%
condition.
We can compare responses to standards between 10% and
20% sessions that occur either immediately before a deviant
(SpreD) or between two other standards in the sequence (here
referred to as SbS). SbS trials occur earlier on average in the
sequence compared to SpreD trials. This allows a test of the two
alternative hypotheses. Specifically, if the induced low-beta power

responses, and (2) we compared this difference of “standard deviant” between the 10% and 20% deviance rate sessions to
investigate the effect of prediction precision, as deviants in the
10% session are less predicted than those in the 20%. We analyzed
the window 0–500 ms for the Fast Experiment and 0–610 ms
for the Slow Experiment, time-locked to stimulus onset. The
standard and deviant trials of individual participants were then
used for random effects analysis.
To assess the statistical differences between the induced
beta band powers while controlling for multiple comparisons,
we performed cluster-based permutation analyses on the twodimensional time-frequency maps (Maris and Oostenveld, 2007).
First, we used a Wilcoxon signed-rank test, a non-parametric
paired difference test, to examine the mean power difference in
the beta band between each paired time-frequency sample from
0 to 500 ms for the Fast Experiment or 0–610 ms for the Slow
Experiment. Second, we grouped the time-frequency adjacent
samples reaching a threshold of p < 0.05 into single clusters.
Third, we summed the test statistics within each cluster into a
cluster-level statistic, which became the observed value. Fourth,
to build a permutation distribution, we randomly interchanged
the experimental conditions for each participant, repeated the
previous three steps 5000 times, and extracted the largest clusterlevel statistics for each repetition. The final p-value was calculated
by comparing the observed value of each cluster with the
permutation distribution.

RESULTS
We first tested whether the induced beta power entrainment
phenomenon reported by Fujioka et al. (2012) was replicated in
the standard trials. In the Fast Experiment, the induced power in
the beta band of the standard trials showed a clear entrainment
to the IOI rate (2.0 Hz). Specifically, the DFT analysis on induced
beta band power showed the strongest power at 2.0 Hz for both
the 10% and 20% sessions at both left and right auditory cortices
(Figures 4A–D). In the Slow Experiment, the induced power in
the beta band of the standard trials showed a clear entrainment to
the slower IOI rate (∼1.6 Hz) with the DFT analysis showing the
strongest power at 1.6 Hz at both left and right auditory cortices
(Figures 4E,F). These results replicate previous studies showing
that induced beta band power entrains to the IOI of isochronous
stimulus sequences (Fujioka et al., 2009, 2012, 2015; Cirelli et al.,
2014).
We then examined whether trial type (deviant vs. standard)
and session (deviant rate) modulate the induced beta power, in
additional to the entrainment activities. In the Fast Experiment,
the cluster-based permutation test identified one significant
cluster in the 10% session at right auditory cortex, in which the
mean induced power at 16–20 Hz, within the range of low-beta
band (15–20 Hz), around 200–300 ms after stimulus onset was
larger in the deviant trials than the standard trials (p = 0.044;
Figure 5A) with a large effect size (rank correlation = 0.67). We
did not identify any significant cluster at left auditory cortex.
We examined the same contrast for the 20% session. Although
we failed to identify any significant cluster at either left or
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FIGURE 4 | Power fluctuations of induced beta (15–25 Hz) and associated discrete Fourier transformation (DFT) analyses. Fast Experiment: (A) shows
the induced beta power fluctuations in the standard trials of the 10% and 20% sessions in left auditory cortex, with shaded areas indicating SEM and vertical dashed
lines representing the onsets of tones at 0 and 500 ms. The induced beta power decreases after the onset of a standard tone, and increases (or “rebounds”) again
before the onset of the next tone. The DFT analyses (B) confirmed entrainment to the stimulus presentation rate (dashed lines) in each case, with maximum power at
2.0 Hz. The same results were replicated at the right auditory cortex (C,D) of the Fast Experiment. Slow Experiment: (E) shows the induced beta power fluctuations
in both left and right auditory cortex, with the vertical dashed lines representing the onsets of tones at 0 and 610 ms. The DFT analyses (F) confirmed that the power
entrained to the stimulus presentation rate (dotted lines), with maximum power at 1.6 Hz.

response at right auditory cortex results from prediction error, the
power difference between SpreD trials (20% session–10% session)
should be larger than the difference between SbS trials (20%
session–10% session), because the prediction error (mismatch
between standard and deviant tone) is modulated by conditional
likelihood (the position of standard tones in a stimulus sequence).

Frontiers in Psychology | www.frontiersin.org

On the other hand, if the induced low-beta power response
is modulated by the novelty in the preceding context, the
power difference between SpreD trials (20% session–10% session)
should be equal to the difference between SbS trials (20% session–
10% session), because the conditional likelihood does not matter.
Indeed, if anything, the SbS trials would be predicted to show a
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FIGURE 5 | Time-frequency maps of induced power difference between deviant and standard trials in the beta frequency range (15–25 Hz) at right
auditory cortex of Fast and Slow Experiments. The shaded areas under each time-frequency map indicates SEM of the low-beta (15–20 Hz) power fluctuations.
In the Fast Experiment, standard/deviant tones begin at 0 ms, and the onset time of the next tone is 500 ms (dashed lines). The black contours represent the
significant time-frequency cluster. (A) The difference between time-frequency maps (deviant minus standard trials) shows that the deviant tone in the 10% sessions
induced stronger power compared to the standard at right auditory cortex, around 16–20 Hz and 200–300 ms. (B) The difference between time-frequency maps
(deviant minus standard trials) did not show any significant difference in the 20% session at right auditory cortex. (C) In the Slow Experiment, the standard/deviant
tones begin at 0 ms, and the onset time of the next tone is 610 ms (dashed lines). The difference between time-frequency maps (deviant minus standard trials)
shows that the deviant induced stronger low-beta (15–19 Hz) power compared to the standard at right auditory cortex, around 200–300 ms. (D) This shows the
subtraction of the two difference maps SpreD trials (20% minus 10%) minus SbS trials (20% minus 10%) of Fast Experiment. The result showed that the power
difference is larger between SpreD trials than between SbS trials across sessions, around 15–19 Hz and 50–250 ms.

Butler, 1968; Näätänen et al., 1988; Lanting et al., 2013). In the
present study, it is possible that the magnitude of the low-beta
response to pitch deviants reflects a release from adaptation to
the repeated standard tones in our oddball context. Further, the
finding that the low-beta power response was stronger on deviant
trials in the 10% than 20% session might be due to the fact that
there were on average more repeated standard tones preceding a
deviant trial in the former case. In order to investigate whether
the low-beta response was modulated by a predictive process, we
compared conditions where the effect of SSA was constant, but
prediction differed. Specifically, to accomplish this, we compared
10% and 20% sessions of the Fast Experiment where the number
of standards since the previous deviant was held constant. Thus,
we averaged separately deviant effects where there were two
standards, three standards, four standards, five standards, or
six standards since the last deviant. In each case, we took the
low-beta power difference of deviant minus standard trials and
compared between the 10% and 20% sessions. The critical point
is that, for a given number of standard trials preceding a deviant,
the sensory prediction hypothesis indicates that deviants are

larger induced low-beta power difference than the SpreD trials
because the SbS trials constitute a deviation from a more recently
presented deviant tone whereas SpreD trials follow a larger
number of standard trials. A cluster-based permutation test in
low-beta band at right auditory cortex showed that the SpreD
trials had a larger induced power difference than the SbS trials
(p = 0.045; Figure 5D) around 50–250 ms at 15–19 Hz with
a large effect size (rank correlation = 0.74). This suggests that
the increased induced low-beta power is elicited by prediction
error, modulated by conditional likelihood, rather than response
to novelty, modulated by rareness of a pitch in the preceding
context.
Another additional analysis was performed to investigate
whether the current results were associated with the mechanism
of auditory stimulus-specific adaptation (SSA) rather than
sensory prediction. Auditory SSA refers to the phenomenon that
the neural response to the same tone decreases as the number
of times it is repeated increases, and raises the possibility that
responses to rare tones in an oddball context reflect release from
adaptation rather that prediction or response to novelty (e.g.,
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predictable, even when the effects of SSA were controlled, again
suggesting that the low-beta response to deviant tones reflected
processes associate with prediction.

more expected in the 20% than 10% session because there is a
generally higher probability of a deviant in the 20% condition.
Specifically, the conditional likelihoods of encountering a deviant
tone can be estimated by summing up the empirical occurrence
rates of a deviant tone in the all the locations in a sequence
following a deviant trial, until the current location (Figure 6A).
We performed a cluster-based permutation test on the low-beta
band at right auditory cortex. We did not find any cluster to
be significant, but there was a trend for the power difference
at the cluster at 200 to 300 ms to be larger in the 10% session
than in the 20% session (Figure 6B) as predicted by the sensory
prediction hypothesis. The fact that it did not reach conventional
significance levels is likely due to the small number of trials (in
the 10% session, 141.0 ± 19.0 deviant trials were included in
the current analysis, compared to the 244.6 ± 37.8 trials that
were included in previous analyses). We compared the maximum
deviant minus standard power difference of the averaged lowbeta frequency band between 10% and 20% sessions in the time
window 130–370 ms for each participant, time-locked to stimulus
onset (Figure 6C). The Wilcoxon signed-rank test showed that
the maximum low-beta power difference between deviant and
standard trials was significantly larger in the 10% session than in
the 20% session (2.96 ± 1.09 vs. 0.32 ± 0.45, p = 0.040) with
a medium effect size (rank correlation = 0.53). This suggests
that the increased induced low-beta power is associated with the
degree of prediction error when we controlled the effect of SSA to
be the same in both sessions.
In sum, we showed that the deviant tone induced an increase
in power in the low-beta band around 200–300 ms following
tone onset in right auditory cortex, regardless of the presentation
rate. Also, the effect was stronger when the deviance occurrence
rate was lower. Furthermore, two additional analyses suggest that
the induced low-beta power was higher for standard tones that
violated a stronger prediction for a deviant tone, confirming
that the low-beta response is more likely to reflect prediction
error than response to novelty. Also, the induced low-beta
power response was larger on deviant trials when they were less

DISCUSSION
We sought to understand the roles of beta oscillations
in entrainment to rhythmically predictable sequences by
introducing occasional unpredictable pitch deviants. We
replicated previous findings related to timing entrainment in
induced beta power (Snyder and Large, 2005; Fujioka et al., 2009,
2012, 2015; Iversen et al., 2009; Cirelli et al., 2014), showing that
fluctuations in beta power entrained to the rate of presented
isochronous auditory stimulus sequences in both left and right
auditory cortices. In addition, we found that induced beta band
power at right auditory cortex increased around 200–300 ms
after the onsets of deviant tones compared to standard tones,
especially in the low-beta range (15–20 Hz). This effect was
larger when the deviant pitch was less likely to occur (10% vs.
20%), suggesting it is related to prediction processes. The right
lateralization of the beta response to pitch deviants is consistent
with the idea that the right auditory cortex is more sensitive for
processing spectral information than its left counterpart (e.g.,
Zatorre et al., 1992, 2002). To the best of our knowledge, this
is the first study to show that induced beta power in auditory
cortex is sensitive to an unpredicted pitch change, even when it is
presented at the predicted time. This suggests that induced beta
power plays a role in sensory prediction for both what will occur
as well as when it will occur.
The increased beta response with decreased likelihood of
deviance occurrence indicates that beta oscillations may associate
with precision-weighted prediction error. It has been suggested
that while prediction error signals do not necessarily involve
attention, high precision-weighted prediction errors act through
attention to increase the gain of neural responses, acting as
teaching signals for subsequent prediction updating (Friston,

FIGURE 6 | The cumulative conditional likelihoods of encountering a deviant tone, and the time-frequency maps of induced difference (deviant minus
standard) responses on matched trial locations in the beta frequency range (15–25 Hz) at right auditory cortex between the 10% and 20% sessions
of Fast Experiment. (A) The cumulative conditional likelihoods of encountering a deviant tone as a function of the nth location following a deviant trial in 10%
session (red) and 20% session (blue) with error bar indicating SEM. This was calculated by summing up the empirical occurrence rates of deviant tones at the
current location and all preceding locations in the experiment. The likelihood of a deviant tone being presented at the nth location is the accumulation of the
occurrence rate from the first to nth location following the previous deviant trial. (B) The subtraction of the two difference maps in the 10% session (deviant minus
standard) minus the 20% session (deviant minus standard) at the second to the sixth trial following a deviant tone. Although the cluster-based permutation test did
not find any cluster to be significantly different, the maximum of low-beta power difference (deviant minus standard) within the 130 to 370 ms window, time-locked to
stimulus onset, was significantly larger in the 10% session than in the 20% session. (C) The shaded areas indicate SEM of the averaged low-beta (15–20 Hz) power
difference (deviant minus standard) fluctuations of 10% session (red) and 20% session (blue).
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error. Indeed, a number of studies in humans and other
animals have shown effects of rare stimuli on both induced
and evoked beta oscillations (Haenschel et al., 2000; Kisley and
Cornwell, 2006; Hong et al., 2008; Fujioka et al., 2009; Pearce
et al., 2010; Kopell et al., 2011). Our results strongly favor
the idea that induced beta power associates with prediction
rather than a simple response to rareness for two reasons. First,
the induced power fluctuations of beta oscillation entrain to
external isochronous tone sequences in the absence of deviants
(Fujioka et al., 2012), which suggests that a primary function of
induced beta power concerns temporal prediction rather than
detecting rare events. Second, our analyses of standard tones
showed that induced low-beta power responses were stronger
after the onset of standard tones that were less likely to occur
(i.e., the last standard tone occurring after an uninterrupted
series of sequential standard tones, SpreD trials) than standard
tones that were more likely to occur (i.e., standards occurring
earlier in a sequence of standards, SbS trials). This confirms
that increased induced low-beta power after tone onset reflects
a process that is sensitive to the precision of prediction
error.
Our results also suggest that the low-beta response is
associated with precision-weighted prediction error while
controlling possible effects of SSA. Previous studies on adaptation
show that the neural response decreases to repeated tones, and
that an increased response to the presentation of a new (rare) tone
in an oddball context could reflect a release from this adaptation
(e.g., Butler, 1968; Näätänen et al., 1988; Lanting et al., 2013).
By selecting the deviant trials in the 10% and 20% sessions that
had a matched number of standard tones preceding them we
equated any effects of SSA between sessions. The results showed
that the low-beta response to a deviant tone was larger in the
10% session than in the 20% session even after SSA was equated.
Thus, the lower conditional likelihoods of encountering a deviant
tone in the 10% than 20% session associate with a larger low-beta
response on deviant trials. This analysis suggests that the lowbeta response associates with precision-weighted prediction error
although there may also have been a smaller effect of stimulus
adaptation. Further research is needed on this question (e.g., see
Herrmann et al., 2013, 2014, 2015).
A remaining question concerns the relation between
prediction of rhythmic timing (Fujioka et al., 2012, 2015) and
prediction precision for pitch, given that induced beta power
is interactively modulated by both factors. Here we propose
that timing and content (when and what) interact through
attentional processing. Dynamic attending theory proposes that
internal rhythmic entrainment to external temporal regularities
is accomplished by a combination of self-sustained neural
oscillation and the dynamic allocation of attention in the
temporal dimension (Jones and Boltz, 1989; Large and Jones,
1999; Jones, 2010). The self-sustained oscillation acts as a time
frame, and adapts its rate and phase to the external auditory
rhythm. Attention increases at important time points such as
the onset of beats, which is guided by the temporal prediction of
the oscillatory time frame, and reflects temporal prediction for
upcoming events during rhythmic entrainment. This attentional
rhythmic entrainment is characterized as exogenous orienting

2009; den Ouden et al., 2012; Hohwy, 2012; Schröger et al.,
2015). According to predictive coding theory, prediction error
is defined as the sensory mismatch between the predicted and
perceived stimuli, and precision is the inverse of the input
variance of the context which determines whether or not to
deploy attention for updating future predictions (den Ouden
et al., 2012). For example, prediction precision is higher for
standard tones in the 10% than 20% session, because on
average there are fewer deviant tone are intermixed in the same
length of sequence in 10% than 20% sessions. Thus, larger
beta power responses to deviants in the 10% compared to
20% session might indicate that the process involved is one of
prediction precision. That beta oscillations are associated with
deploying attention for improving perceptual performance is
supported by attentional blink studies showing that enhanced
phase synchronization in low-beta band among frontal–parietal–
temporal regions involved in the attentional network is associated
with improved behavioral performance for targets with abrupt
onsets (Gross et al., 2004; Kranczioch et al., 2007). Further, it has
also been suggested that gamma oscillations (>30 Hz) reflect feed
forward prediction error signals (Herrmann et al., 2004) while
beta oscillations represent a subsequent feed back processing
stage for updating prediction (Arnal and Giraud, 2012), again
consistent with the idea presented here that low-beta is sensitive
to the precision of prediction, and associates with attention and
prediction updating.
The latency of the low-beta response also implies that it is
likely associated with attention and prediction updating. The
low-beta response to pitch deviants in our data was around
200–300 ms after tone onset, which was later than the wellstudied MMN prediction error response in the time waveform
ERP, which was around 100 to 120 ms (Figure 2), consistent
with other studies employing rhythmic sequences with relatively
fast IOIs (Näätänen et al., 2007; Pablos Martin et al., 2007;
Fujioka et al., 2008; Matsuda et al., 2013; Hove et al., 2014).
This suggests that the low-beta response reflects a processing
stage that is later than detecting prediction error. Interestingly,
the 200–300 ms timing of the beta band power response occurs
around the same time as P3a (Regnault et al., 2001; Jongsma
et al., 2004, see Figure 2 for P3a latency), which is known to
reflect exogenous attentional orienting and attentional updating
(Friedman et al., 2001; Polich, 2007). The P3a and induced
low-beta power likely reflect distinct neural responses because
the P3a is phase-locked to stimulus onset and originates in the
anterior cingulate cortex and related structures (Polich, 2007)
while, in contrast, the induced low-beta power response is not
phase locked to stimulus onset and is observed with a spatial filter
located in auditory regions. However, the overlapped response
latencies are consistent with the idea that attentional processing
in frontal areas, reflected by P3a, interacts with prediction
precision, and is associated with induced beta power in auditory
cortex.
To further evaluate the idea that beta is associated with
precision-weighted prediction error, it is important to consider
the alternative possibility that the beta band power increases
we observed following pitch deviants are simply a response to
novelty in the preceding local context rather than prediction
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(Jones et al., 2006; Nobre et al., 2007; Coull and Nobre, 2008;
Jones, 2010), which is involuntary and automatic (Rohenkohl
et al., 2011; Triviño et al., 2011; Correa et al., 2014). Further, an
MEG study has shown that the mathematical model of dynamic
attending theory predicts delta power activities generated in
auditory cortex (Herrmann et al., 2016), suggesting that rhythmic
attending modulates oscillatory activities in auditory cortex. In
this way, it is possible that rhythmic beta power fluctuations
representing attention to events with temporal regularity increase
perceptual processing of the content of the input stream at
predictable time points, such as beat onsets. The idea that
beta oscillations reflect temporal attention is also consistent
with converging evidence that similar processes occur in the
motor system, where rhythmic temporal structure also plays a
critical role (e.g., Nobre et al., 2007; Coull and Nobre, 2008;
Morillon et al., 2015). This is particularly interesting given that
an auditory rhythm sets up beta power oscillations not only in
auditory cortex, but also in motor areas even though movement
is not involved. Thus, beta power oscillations in response to a
rhythmic auditory input have also been interpreted as reflecting
communication between auditory and motor system in the cortex
(Jenkinson and Brown, 2011; Fujioka et al., 2012, 2015; Kilavik
et al., 2013).
A lack of concurrent behavioral measurements to confirm
whether induced beta power modulates perceptual sensitivity
is a limitation of the current study. Further experiments are
needed to examine this directly. However, the evidence to
date shows that increased beta power before a stimulus onset
reflects enhanced predictive readiness and improves perceptual
performance. Studies using an auditory spatial temporal order
judgments task (Bernasconi et al., 2011), an auditory temporal
delay detection task (Arnal et al., 2015), intensity detection task
(Herrmann et al., 2016), pitch distortion detection task during
music listening (Doelling and Poeppel, 2015), or an audiovisual
temporal integration task (Geerligs and Akyürek, 2012), all
show that when the beta band power happened to be larger
in the pre-stimulus period, participants made more accurate
judgments or had enhanced audiovisual integration compared
to when beta power was smaller. Together, the results of these
studies are consistent with our speculation that beta oscillations
reflect attention (Wróbel, 2000; Buschman and Miller, 2007,
2009).

CONCLUSION
We presented isochronous auditory oddball sequences
containing occasional pitch deviants to show that induced
beta power is sensitive to the content of the input during
rhythmic entrainment. We replicated previous findings that
induced beta power entrains to externally presented rhythms.
More interestingly, we showed that unpredicted pitch deviants
modulate beta power 200–300 ms after deviant tone onsets,
and that the magnitude of the modulation reflects the deviant
occurrence likelihood (precision-weighted prediction error). Our
data show that induced beta power activities in auditory cortex
are consistent with a role in sensory prediction for both what
(pitch) will occur as well as when (rhythm) events will occur. The
timing and nature of the beta power response to pitch deviants
suggests that it reflects an attentional modulation. In conjunction
with other research, we propose that predictions for what and
when are dynamically processed through attentional networks,
and that beta oscillations in auditory cortex reflect the functional
significance of sensory prediction and prediction error processes.

AUTHOR CONTRIBUTIONS
AC, DB, and LT designed research; AC performed research; AC,
DB, and LT contributed unpublished analytic tools; AC and DB
analyzed data; AC, DB, and LT wrote the paper.

FUNDING
This work was supported by a grant from the Canadian Institutes
of Health Research (MOP 115043 to LT). AC was supported
by a graduate student award from the Natural Sciences and
Engineering Research Council of Canada CREATE grant in
Auditory Cognitive Neuroscience (371324-2009).

ACKNOWLEDGMENTS
We thank Dr. Ian C. Bruce for advice on signal processing,
Dave Thompson for technical assistance and Alexandra Rice for
assisting with data collection.

REFERENCES

Besle, J., Schevon, C. A., Mehta, A. D., Lakatos, P., Goodman, R. R., McKhann,
G. M., et al. (2011). Tuning of the human neocortex to the temporal dynamics
of attended events. J. Neurosci. 31, 3176–3185. doi: 10.1523/JNEUROSCI.451810.2011
Buschman, T. J., and Miller, E. K. (2007). Top-down versus bottom-up control
of attention in the prefrontal and posterior parietal cortices. Science 315,
1860–1862. doi: 10.1126/science.1138071
Buschman, T. J., and Miller, E. K. (2009). Serial, covert shifts of attention
during visual search are reflected by the frontal eye fields and correlated with
population oscillations. Neuron 63, 386–396. doi: 10.1016/j.neuron.2009.06.020
Butler, R. A. (1968). Effect of changes in stimulus frequency and intensity on
habituation of the human vertex potential. J. Acoust. Soc. Am. 44, 945–950. doi:
10.1121/1.1911233
Buzsaki, G. (2006). Rhythms of the Brain. Oxford: Oxford University Press.

Arnal, L. H., Doelling, K. B., and Poeppel, D. (2015). Delta–beta coupled
oscillations underlie temporal prediction accuracy. Cereb. Cortex 25, 3077–
3085. doi: 10.1093/cercor/bhu103
Arnal, L. H., and Giraud, A. L. (2012). Cortical oscillations and sensory predictions.
Trends Cogn. Sci. 16, 390–398. doi: 10.1016/j.tics.2012.05.003
Bernasconi, F., Manuel, A. L., Murray, M. M., and Spierer, L. (2011). Prestimulus beta oscillations within left posterior sylvian regions impact auditory
temporal order judgment accuracy. Int. J. Psychophysiol. 79, 244–248. doi:
10.1016/j.ijpsycho.2010.10.017
Bertrand, O., Bohorquez, J., and Pernier, J. (1994). Time-frequency digital filtering
based on an invertible wavelet transform: an application to evoked potentials.
IEEE Trans. Biomed. Eng. 41, 77–88. doi: 10.1109/10.277274

Frontiers in Psychology | www.frontiersin.org

11

March 2016 | Volume 7 | Article 327

Chang et al.

Beta Oscillations Reflect What and When

Calderone, D. J., Lakatos, P., Butler, P. D., and Castellanos, F. X. (2014).
Entrainment of neural oscillations as a modifiable substrate of attention. Trends
Cogn. Sci. 18, 300–309. doi: 10.1016/j.tics.2014.02.005
Cirelli, L. K., Bosnyak, D., Manning, F. C., Spinelli, C., Marie, C., Fujioka, T.,
et al. (2014). Beat-induced fluctuations in auditory cortical beta-band activity:
using EEG to measure age-related changes. Front. Psychol. 5:742. doi:
10.3389/fpsyg.2014.00742
Correa, Á, Cona, G., Arbula, S., Vallesi, A., and Bisiacchi, P. (2014).
Neural dissociation of automatic and controlled temporal preparation
by transcranial magnetic stimulation. Neuropsychologia 65, 131–136. doi:
10.1016/j.neuropsychologia.2014.10.023
Costa-Faidella, J., Baldeweg, T., Grimm, S., and Escera, C. (2011). Interactions
between “what” and “when” in the auditory system: temporal predictability
enhances repetition suppression. J. Neurosci. 31, 18590–18597. doi:
10.1523/JNEUROSCI.2599-11.2011
Coull, J. T., and Nobre, A. C. (2008). Dissociating explicit timing from
temporal expectation with fMRI. Curr. Opin. Neurobiol. 18, 137–144. doi:
10.1016/j.conb.2008.07.011
den Ouden, H. E., Kok, P., and De Lange, F. P. (2012). How prediction
errors shape perception, attention, and motivation. Front. Psychol. 3:548. doi:
10.3389/fpsyg.2012.00548
Ding, N., Melloni, L., Zhang, H., Tian, X., and Poeppel, D. (2015). Cortical tracking
of hierarchical linguistic structures in connected speech. Nat. Neurosci. 19,
158–164. doi: 10.1038/nn.4186
Doelling, K. B., and Poeppel, D. (2015). Cortical entrainment to music and its
modulation by expertise. Proc. Natl. Acad. Sci. U.S.A. 112, E6233–E6242. doi:
10.1073/pnas.1508431112
Friedman, D., Cycowicz, Y. M., and Gaeta, H. (2001). The novelty P3: an eventrelated brain potential (ERP) sign of the brain’s evaluation of novelty. Neurosci.
Biobehav. Rev. 25, 355–373. doi: 10.1016/S0149-7634(01)00019-7
Friston, K. (2005). A theory of cortical responses. Philos. Trans. R. Soc. Lond. B Biol.
Sci. 360, 815–836. doi: 10.1098/rstb.2005.1622
Friston, K. (2009). The free-energy principle: a rough guide to the brain? Trends
Cogn. Sci. 13, 293–301. doi: 10.1016/j.tics.2009.04.005
Fritz, J., Shamma, S., Elhilali, M., and Klein, D. (2003). Rapid task-related plasticity
of spectrotemporal receptive fields in primary auditory cortex. Nat. Neurosci. 6,
1216–1223. doi: 10.1038/nn1141
Fujioka, T., Ross, B., and Trainor, L. J. (2015). Beta-band oscillations represent
auditory beat and its metrical hierarchy in perception and imagery. J. Neurosci.
35, 15187–15198. doi: 10.1523/JNEUROSCI.2397-15.2015
Fujioka, T., Trainor, L. J., Large, E. W., and Ross, B. (2009). Beta and gamma
rhythms in human auditory cortex during musical beat processing. Ann. N. Y.
Acad. Sci. 1169, 89–92. doi: 10.1111/j.1749-6632.2009.04779.x
Fujioka, T., Trainor, L. J., Large, E. W., and Ross, B. (2012). Internalized timing
of isochronous sounds is represented in neuromagnetic beta oscillations.
J. Neurosci. 32, 1791–1802. doi: 10.1523/JNEUROSCI.4107-11.2012
Fujioka, T., Trainor, L. J., and Ross, B. (2008). Simultaneous pitches are encoded
separately in auditory cortex: an MMNm study. Neuroreport 19, 361–366. doi:
10.1097/WNR.0b013e3282f51d91
Geerligs, L., and Akyürek, E. G. (2012). Temporal integration depends on
increased prestimulus beta band power. Psychophysiology 49, 1632–1635. doi:
10.1111/j.1469-8986.2012.01453.x
Godey, B., Schwartz, D., De Graaf, J. B., Chauvel, P., and Liegeois-Chauvel, C.
(2001). Neuromagnetic source localization of auditory evoked fields and
intracerebral evoked potentials: a comparison of data in the same patients. Clin.
Neurophysiol. 112, 1850–1859. doi: 10.1016/S1388-2457(01)00636-8
Gomez-Ramirez, M., Kelly, S. P., Molholm, S., Sehatpour, P., Schwartz,
T. H., and Foxe, J. J. (2011). Oscillatory sensory selection mechanisms
during intersensory attention to rhythmic auditory and visual inputs: a
human electrocorticographic investigation. J. Neurosci. 31, 18556–18567. doi:
10.1523/JNEUROSCI.2164-11.2011
Griffiths, T. D., and Warren, J. D. (2004). What is an auditory object? Nat. Rev.
Neurosci. 5, 887–892. doi: 10.1038/nrn1538
Gross, J., Schmitz, F., Schnitzler, I., Kessler, K., Shapiro, K., Hommel, B.,
et al. (2004). Modulation of long-range neural synchrony reflects temporal
limitations of visual attention in humans. Proc. Natl. Acad. Sci. U.S.A. 101,
13050–13055. doi: 10.1073/pnas.0404944101

Frontiers in Psychology | www.frontiersin.org

Haenschel, C., Baldeweg, T., Croft, R. J., Whittington, M., and Gruzelier, J.
(2000). Gamma and beta frequency oscillations in response to novel auditory
stimuli: a comparison of human electroencephalogram (EEG) data with in vitro
models. Proc. Natl. Acad. Sci. U.S.A. 97, 7645–7650. doi: 10.1073/pnas.120
162397
Henry, M. J., and Herrmann, B. (2014). Low-frequency neural oscillations support
dynamic attending in temporal context. Timing Time Percept. 2, 62–86. doi:
10.1163/22134468-00002011
Henry, M. J., and Obleser, J. (2012). Frequency modulation entrains slow neural
oscillations and optimizes human listening behavior. Proc. Natl. Acad. Sci.
U.S.A. 109, 20095–20100. doi: 10.1073/pnas.1213390109
Herrmann, B., Henry, M. J., Fromboluti, E. K., McAuley, J. D., and Obleser, J.
(2015). Statistical context shapes stimulus-specific adaptation in human
auditory cortex. J. Neurophysiol. 113, 2582–2591. doi: 10.1152/jn.00634.2014
Herrmann, B., Henry, M. J., Haegens, S., and Obleser, J. (2016). Temporal
expectations and neural amplitude fluctuations in auditory cortex
interactively influence perception. Neuroimage 124, 487–497. doi:
10.1016/j.neuroimage.2015.09.019
Herrmann, B., Henry, M. J., and Obleser, J. (2013). Frequency-specific adaptation
in human auditory cortex depends on the spectral variance in the acoustic
stimulation. J. Neurophysiol. 109, 2086–2096. doi: 10.1152/jn.00907.2012
Herrmann, B., Schlichting, N., and Obleser, J. (2014). Dynamic range adaptation to
spectral stimulus statistics in human auditory cortex. J. Neurosci. 34, 327–331.
doi: 10.1523/JNEUROSCI.3974-13.2014
Herrmann, C. S., Munk, M. H., and Engel, A. K. (2004). Cognitive functions
of gamma-band activity: memory match and utilization. Trends Cogn. Sci. 8,
347–355. doi: 10.1016/j.tics.2004.06.006
Hohwy, J. (2012). Attention and conscious perception in the hypothesis testing
brain. Front. Psychol. 3:96. doi: 10.3389/fpsyg.2012.00096
Hong, L. E., Buchanan, R. W., Thaker, G. K., Shepard, P. D., and Summerfelt, A.
(2008). Beta (∼16 Hz) frequency neural oscillations mediate auditory
sensory gating in humans. Psychophysiology 45, 197–204. doi: 10.1111/j.14698986.2007.00624.x
Hove, M. J., Marie, C., Bruce, I. C., and Trainor, L. J. (2014). Superior time
perception for lower musical pitch explains why bass-ranged instruments lay
down musical rhythms. Proc. Natl. Acad. Sci. U.S.A. 111, 10383–10388. doi:
10.1073/pnas.1402039111
Iversen, J. R., Repp, B. H., and Patel, A. D. (2009). Top-down control of rhythm
perception modulates early auditory responses. Ann. N. Y. Acad. Sci. 1169,
58–73. doi: 10.1111/j.1749-6632.2009.04579.x
Jenkinson, N., and Brown, P. (2011). New insights into the relationship between
dopamine, beta oscillations and motor function. Trends Neurosci. 34, 611–618.
doi: 10.1016/j.tins.2011.09.003
Jones, M. R. (2010). “Attending to sound patterns and the role of entrainment,” in
Attention and Time, eds A. C. Nobre and J. T. Coull (New York, NY: Oxford
University Press), 317–330.
Jones, M. R., and Boltz, M. (1989). Dynamic attending and responses to time.
Psychol. Rev. 96, 459–491. doi: 10.1037/0033-295X.96.3.459
Jones, M. R., Johnston, H. M., and Puente, J. (2006). Effects of auditory pattern
structure on anticipatory and reactive attending. Cogn. Psychol. 53, 59–96. doi:
10.1016/j.cogpsych.2006.01.003
Jongsma, M. L., Desain, P., and Honing, H. (2004). Rhythmic context influences
the auditory evoked potentials of musicians and nonmusicians. Biol. Psychol.
66, 129–152. doi: 10.1016/j.biopsycho.2003.10.002
Kalcher, J., and Pfurtscheller, G. (1995). Discrimination between phase-locked
and non-phase-locked event-related EEG activity. Electroencephalogr. Clin.
Neurophysiol. 94, 381–384. doi: 10.1016/0013-4694(95)00040-6
Kilavik, B. E., Zaepffel, M., Brovelli, A., MacKay, W. A., and Riehle, A. (2013). The
ups and downs of beta oscillations in sensorimotor cortex. Exp. Neurol. 245,
15–26. doi: 10.1016/j.expneurol.2012.09.014
King, A. J., and Nelken, I. (2009). Unraveling the principles of auditory cortical
processing: can we learn from the visual system? Nat. Neurosci. 12, 698–701.
doi: 10.1038/nn.2308
Kisley, M. A., and Cornwell, Z. M. (2006). Gamma and beta neural activity
evoked during a sensory gating paradigm: effects of auditory, somatosensory
and cross-modal stimulation. Clin. Neurophysiol. 117, 2549–2563. doi:
10.1016/j.clinph.2006.08.003

12

March 2016 | Volume 7 | Article 327

Chang et al.

Beta Oscillations Reflect What and When

neural manifestations of musical expectation. Neuroimage 50, 302–313. doi:
10.1016/j.neuroimage.2009.12.019
Pfurtscheller, G., and Lopes da Silva, F. H. (1999). Event-related EEG/MEG
synchronization and desynchronization: basic principles. Clin. Neurophysiol.
110, 1842–1857. doi: 10.1016/S1388-2457(99)00141-8
Polich, J. (2007). Updating P300: an integrative theory of P3a and P3b. Clin.
Neurophysiol. 118, 2128–2148. doi: 10.1016/j.clinph.2007.04.019
Regnault, P., Bigand, E., and Besson, M. (2001). Different brain mechanisms
mediate sensitivity to sensory consonance and harmonic context: evidence from
auditory event-related brain potentials. J. Cogn. Neurosci. 13, 241–255. doi:
10.1162/089892901564298
Rohenkohl, G., Coull, J. T., and Nobre, A. C. (2011). Behavioural dissociation
between exogenous and endogenous temporal orienting of attention. PLoS ONE
6:e14620. doi: 10.1371/journal.pone.0014620
Saleh, M., Reimer, J., Penn, R., Ojakangas, C. L., and Hatsopoulos, N. G.
(2010). Fast and slow oscillations in human primary motor cortex
predict oncoming behaviorally relevant cues. Neuron 65, 461–471. doi:
10.1016/j.neuron.2010.02.001
Schroeder, C. E., and Lakatos, P. (2009). Low-frequency neuronal oscillations
as instruments of sensory selection. Trends Neurosci. 32, 9–18. doi:
10.1016/j.tins.2008.09.012
Schröger, E., Marzecová, A., and SanMiguel, I. (2015). Attention and prediction in
human audition: a lesson from cognitive psychophysiology. Eur. J. Neurosci. 41,
641–664. doi: 10.1111/ejn.12816
Schwartze, M., and Kotz, S. A. (2013). A dual-pathway neural architecture for
specific temporal prediction. Neurosci. Biobehav. Rev. 37, 2587–2596. doi:
10.1016/j.neubiorev.2013.08.005
Snyder, J. S., and Large, E. W. (2005). Gamma-band activity reflects the metric
structure of rhythmic tone sequences. Cogn. Brain Res. 24, 117–126. doi:
10.1016/j.cogbrainres.2004.12.014
Triviño, M., Arnedo, M., Lupiáñez, J., Chirivella, J., and Correa, Á (2011).
Rhythms can overcome temporal orienting deficit after right frontal damage.
Neuropsychologia 49, 3917–3930. doi: 10.1016/j.neuropsychologia.2011.10.009
Wróbel, A. (2000). Beta activity: a carrier for visual attention. Acta Neurobiol. Exp.
60, 247–260.
Zatorre, R. J., Belin, P., and Penhune, V. B. (2002). Structure and function
of auditory cortex: music and speech. Trends Cogn. Sci. 6, 37–46. doi:
10.1016/S1364-6613(00)01816-7
Zatorre, R. J., Evans, A. C., Meyer, E., and Gjedde, A. (1992). Lateralization of
phonetic and pitch discrimination in speech processing. Science 256, 846–849.
doi: 10.1126/science.1589767

Kopell, N., Whittington, M. A., and Kramer, M. A. (2011). Neuronal assembly
dynamics in the beta1 frequency range permits short-term memory. Proc. Natl.
Acad. Sci. U.S.A. 108, 3779–3784. doi: 10.1073/pnas.1019676108
Kranczioch, C., Debener, S., Maye, A., and Engel, A. K. (2007). Temporal dynamics
of access to consciousness in the attentional blink. Neuroimage 37, 947–955. doi:
10.1016/j.neuroimage.2007.05.044
Lakatos, P., Karmos, G., Mehta, A. D., Ulbert, I., and Schroeder, C. E. (2008).
Entrainment of neuronal oscillations as a mechanism of attentional selection.
Science 320, 110–113. doi: 10.1126/science.1154735
Lakatos, P., Musacchia, G., O’Connel, M. N., Falchier, A. Y., Javitt, D. C., and
Schroeder, C. E. (2013). The spectrotemporal filter mechanism of auditory
selective attention. Neuron 77, 750–761. doi: 10.1016/j.neuron.2012.11.034
Lanting, C. P., Briley, P. M., Sumner, C. J., and Krumbholz, K. (2013). Mechanisms
of adaptation in human auditory cortex. J. Neurophysiol. 110, 973–983. doi:
10.1152/jn.00547.2012
Large, E. W., and Jones, M. R. (1999). The dynamics of attending: how people
track time-varying events. Psychol. Rev. 106, 119–159. doi: 10.1037/0033295X.106.1.119
Luce, R. D. (1986). Response Times: Their Role in Inferring Elementary Mental
Organization. New York, NY: Oxford University Press.
Maris, E., and Oostenveld, R. (2007). Nonparametric statistical testing
of EEG-and MEG-data. J. Neurosci. Methods 164, 177–190. doi:
10.1016/j.jneumeth.2007.03.024
Matsuda, A., Hara, K., Miyajima, M., Matsushima, E., Ohta, K., and Matsuura, M.
(2013). Distinct pre-attentive responses to non-scale notes: an auditory
mismatch negativity (MMN) study. Clin. Neurophysiol. 124, 1115–1121. doi:
10.1016/j.clinph.2012.12.002
Morillon, B., Hackett, T. A., Kajikawa, Y., and Schroeder, C. E. (2015). Predictive
motor control of sensory dynamics in auditory active sensing. Curr. Opin.
Neurobiol. 31, 230–238. doi: 10.1016/j.conb.2014.12.005
Morillon, B., and Schroeder, C. E. (2015). Neuronal oscillations as a mechanistic
substrate of auditory temporal prediction. Ann. N. Y. Acad. Sci. 1337, 26–31.
doi: 10.1111/nyas.12629
Näätänen, R., Paavilainen, P., Rinne, T., and Alho, K. (2007). The mismatch
negativity (MMN) in basic research of central auditory processing: a review.
Clin. Neurophysiol. 118, 2544–2590. doi: 10.1016/j.clinph.2007.04.026
Näätänen, R., and Picton, T. (1987). The N1 wave of the human electric
and magnetic response to sound: a review and an analysis of the
component structure. Psychophysiology 24, 375–425. doi: 10.1111/j.14698986.1987.tb00311.x
Näätänen, R., Sams, M., Alho, K., Paavilainen, P., Reinikainen, K., and Sokolov,
E. N. (1988). Frequency and location specificify of the human vertex N1
wave. Electroencephalogr. Clin. Neurophysiol. 69, 523–531. doi: 10.1016/00134694(88)90164-2
Nobre, A. C., Correa, Á, and Coull, J. T. (2007). The hazards of time. Curr. Opin.
Neurobiol. 17, 465–470. doi: 10.1016/j.conb.2007.07.006
Pablos Martin, X., Deltenre, P., Hoonhorst, I., Markessis, E., Rossion, B., and
Colin, C. (2007). Perceptual biases for rhythm: the Mismatch Negativity latency
indexes the privileged status of binary vs. non-binary interval ratios. Clin.
Neurophysiol. 118, 2709–2715. doi: 10.1016/j.clinph.2007.08.019
Pearce, M. T., Ruiz, M. H., Kapasi, S., Wiggins, G. A., and Bhattacharya, J. (2010).
Unsupervised statistical learning underpins computational, behavioural, and

Frontiers in Psychology | www.frontiersin.org

Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
Copyright © 2016 Chang, Bosnyak and Trainor. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) or licensor are credited and that the original publication in this
journal is cited, in accordance with accepted academic practice. No use, distribution
or reproduction is permitted which does not comply with these terms.

13

March 2016 | Volume 7 | Article 327

