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A B S T R A C T

Both time-based (when) and feature-based (what) aspects of attention facilitate behavior, so it is natural to hy-
pothesize additive effects. We tested this conjecture by recording response behavior and electroencephalographic
(EEG) data to auditory pitch changes, embedded at different time lags in a continuous sound stream. Participants
reacted more rapidly to larger rather than smaller feature change magnitudes (deviancy), as well as to changes
appearing after longer rather than shorter waiting times (hazard rate of response times). However, the feature and
time dimensions of attention separately contributed to response speed, with no significant interaction. Notably,
phase coherence at low frequencies (delta and theta bands, 1–7 Hz) predominantly reflected attention capture by
feature changes, while oscillatory power at higher frequency bands, alpha (8–12 Hz) and beta (13–25 Hz) re-
flected the orienting of attention in time. Power and phase coherence predicted different portions of response
speed variance, suggesting a division of labor in encoding sensory attention in complex auditory scenes.
1. Introduction

Attention is typically distributed to different events, at different
moments in time. Walking on a road, say, attention is captured by the
dynamics of known events - e.g., the Doppler effect of passing cars – as
well as by the onset of new events, such as a car honking. Both time-based
and feature-based aspects of attention facilitate response behavior: for
time-based effects, Bertelson and Boons (1960); Correa et al. (2004); Cui
et al. (2009); Luce, 1986; Meck (1988); Niemi and N€a€at€anen (1981);
Nobre et al. (2007); Vangkilde et al. (2012); Woodrow (1914); for
feature-based effects, Amenedo and Escera (2000); Berti and Schr€oger
(2001); Tiitinen et al. (1994). It is thus natural to hypothesize an inter-
action: for example, the sudden onset of a car honk could capture more
attention if the arrival of a car were expected, capitalizing on attention
orienting in time. Alternatively, the mounting expectation that comes
with temporal orienting might reduce feature-based attention capture for
expected changes (Sussman et al., 2002).

Sensory surprise is formally studied as a function of the physical
difference between repeated (standard) stimuli, and new (deviant)
stimuli and classically measured using the oddball paradigm as the
Mismatch Negativity response of the event-related potentials (ERPs,
N€a€at€anen, 1992; N€a€at€anen et al., 2007). A common finding is that larger
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changes in feature facilitate stimulus detection by capturing more
attention (Alho, 1992; Amenedo and Escera, 2000; Berti and Schr€oger,
2001; Tiitinen et al., 1994; Sussman, 2007). Salient changes in feature
capture attention regardless of whether they disrupt a regularity or
generate a new regularity (Southwell et al., 2016). It is unclear whether
the same or different aspects of neural attention are involved in
enhancing the encoding of sound change, a feature-based process, and
the formation of a robust, standard memory trace, a time-based proc-
ess(for a review, see Sussman et al., 2014). One difficulty in partitioning
attention processes is inherent to the use of the oddball paradigm, in
which neural responses to deviant events are overestimated relative to
responses to standard events, the latter being suppressed by refractori-
ness (Ruhnau et al., 2012). Furthermore, the oddball paradigm con-
founds local standard statistics (e.g., number of repetitions before a
deviant tone) with global standard statistics (i.e. the overall probability
of standard stimuli).

To get around these limitations, we used a roving standard auditory
paradigm (Baldeweg et al., 1999; Haenschel et al., 2005; Costa-faidella
et al., 2011), in which each stimulus is repeated a variable number of
times (standard formation process) before a change occurs (deviant
stimulus), initiating a new repetition series. The roving standard para-
digm thus highlights local standard statistics. Furthermore, as each new
pg.de, david.poeppel@nyu.edu (D. Poeppel).
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deviant eventually becomes a standard via repetition, the physical fea-
tures of standards and deviants are matched by design. We para-
metrically varied standard sequence length in three steps – three-, six-, or
nine-sound series – to study the neural encoding of orienting of attention
in time to the next deviant relative to the magnitude – small or large – of
deviancy.

With regard to feature-based attention processes, Barne et al. (2017)
found that inter-trial phase coherence in the theta band (4–8 Hz) reflects
the occurrence of unpredicted delays in action outcome, which resulted
in a feedback-related negativity ERP signature. Makeig et al. (2002)
suggested that event-related potentials mainly result from phase resetting
of theta, alpha (8–12Hz) and lower beta (14–20) ongoing oscillations
(for lower beta phase reset as a rapid signal of deviant onset in a
pre-attentive experimental setting, see Haenschel et al., 2000). Fuente-
milla et al. (2006 and 2008), using three-tone trains, the last of which
could be a deviant 50% of the times, found that both deviant and stan-
dard events are predominantly reflected by single-trial phase coherence,
which was larger in the theta band (4–7 Hz), but extended into alpha
territory. They did not report specific effects at lower frequencies. The
contribution of oscillatory power to deviancy was significant but mar-
ginal, as phase coherence predicted both frontal and temporal generators
of the Mismatch Negativity response. These mentioned studies were run
pre-attentively, so the effect of attention is not known. However, given
that attention has already been shown to increase inter-trial phase
coherence of stimulus-driven neural response (Kim et al., 2007), we
hypothesized that attention capture by feature changes in continuous
streams would also modulate phase coherence. Furthermore, Lakatos
et al. (2008) first showed that attentional selection may rely on the
rhythmic changes in the excitability of neuronal ensembles, reflected by
delta band phase.

With regard to time-based attention processes, the picture is more
complex. Orienting attention in time to a target is reflected by modula-
tions of oscillatory power within alpha (8–12Hz) and beta (15–30Hz)
bands (de Lange et al., 2013; Morillon and Baillet, 2017). A seminal study
(Rohenkohl and Nobre, 2011) used a foreperiod paradigm to show that
oscillatory alpha power desynchronizes right before the onset of
temporally predicted events, especially with long waiting times. The
authors interpreted this finding as suggesting that alpha desynchroni-
zation regulates cortical excitation, by favoring motor response prepa-
ration. Notably, power desynchronization in the beta band occurs
immediately after event onset in regular tone sequences (Fujioka et al.,
2015), likely reflecting the release of motor programs from inhibition, in
order to potentially initiate a motor response (e.g., button press; Joundi
et al., 2013; Pfurtscheller et al., 2003: Pogosyan et al., 2009; Swann et al.,
2009). We hypothesized that, as temporal expectancy grows with elapsed
time to the next deviant event, oscillatory power in both the alpha and
beta bands would decrease, relaying attentive and motor preparation
processes. However, recent work indicates that phase concentration at
very low frequencies (0.6–1.7 Hz) could also convey temporal expecta-
tions (Wilsch et al., 2015). In particular, in an auditory detection task,
Stefanics et al. (2010) showed that reliably cued – predictable – onset of a
target tone drives larger phase concentration in the delta band, sug-
gesting a role for low frequencies in encoding expectancies.

2. Materials and methods

2.1. Participants

Participants were 30 right-handed young adults (age range 19–30, 8
males), self-reporting normal hearing, normal-to-corrected vision, no
medical history of treatments affecting the central nervous system, no
psychiatric disturbances and were compensated with 10 Euros per hour
(duration 2 hs, including instruction, EEG montage, and cleaning).
Sample size was calculated assuming alpha¼ 0.05, power¼ 0.80, mean
difference for deviant N1 between small and large deviancy being 1.5 μV,
SD¼ 2.8, using a paired t-test model. The experimental procedures were
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approved by the Ethics Committee of the Max Planck Society and un-
dertaken with the written informed consent of each participant.

2.2. Experimental design

Participants sat comfortably in an IAC 40a sound attenuating and
electrically shielded recording booth (IAC Acoustics), approximately 1m
from an LCD computer screen. There were two experimental sessions,
separated by a brief rest period. In a Pre-attentive session, participants
were instructed to direct the focus of attention to a silently presented
movie projected on the computer screen while experimental sequences of
pure tones were delivered diotically using electrodynamic headphones
(Beyerdynamic DT 770 PRO). In an Attentive session, the same tone se-
quences were delivered, and participants were required to detect changes
in either pitch or intensity as fast and as accurately as possible, while
fixating a cross at the center of the computer screen. Participants used
their right hand to respond to tone changes, pressing a pre-defined button
on a Cedrus response box (Cedrus.com, response time jitter< 1ms,
measured with an oscilloscope). Prior to the Attentive experimental
session, graphical depictions of the conditions were provided to aid with
task completion. The order of Pre-attentive and Attentive sessions was
counterbalanced across participants, and electroencephalographic (EEG)
data were recorded for both sessions.

The experimental design followed the classic roving standard distri-
bution of pure tones, with identical tones being repeated with a constant
stimulus onset asynchrony (SOA) of 500ms, until an unpredictable
change in pitch or intensity sets up a new repetition series (roving stan-
dard paradigm, see Baldeweg et al., 1999; Haenschel et al., 2005). The
first element of a new series is termed deviant, while the repetition series
generates a standard trace: for convenience, we will call standard the last
element of a repetition series. Experimental blocks containing changes in
pitch were interleaved with blocks containing changes in intensity (see
Fig. 1).

2.3. Stimulus structure

In the pitch change detection condition, stimuli were nine sine tones
spaced from 440 to 1189Hz in steps of 2 semitones in the equal tempered
musical scale (duration¼ 50ms, ramp/damp¼ 10ms Tukey window,
sampling frequency¼ 44.1 KHz). The sound pressure level (SPL) was
individually calibrated for each transducer while using a temporal
weighting suited for impulsive stimuli (tau¼ 35ms), in order to equate
loudness (¼ perceived intensity) across frequencies. To this end, we used
an IEC 603184 artificial ear simulator (model G.R.A.S. 43AG) with
pinnae and an IEC 60942 class 1 sound level calibrator (model Larson
Davis CAL200).

In the intensity change detection condition, stimuli were nine sine
tones spaced in steps of 3 dB SPL (four upward- and four downward-
going, range: 3–21 dB SPL) around a central stimulus selected from the
pitch change detection condition (¼ 698Hz) and calibrated to 75 dB(A).
However, since participants 1 to 9 reported difficulty in completing the
task - obtaining very low hit rates -, for participants 11 to 30 the step size
was increased to 6 dB SPL, and changes in intensity ranged between 6
and 42 dB SPL.

Changes in tone pitch or intensity occurred randomly after either
three, six, or nine tones (standard sequence duration: 1.5 s, 3 s, and 4.5 s
respectively), with the sole constraint that any deviant stimulus feature
giving rise to a new standard sequence could not reappear before at least
six other different stimulus sequences had appeared. There were 10
blocks per experimental condition, with each block containing 162 sine
tones, amounting to 27 different standard sequences per block. At pre-
sentation, stimuli were further attenuated using a fixed �20 dB SPL step,
resulting in a comfortable and perceptually controlled environment.
Stimulus sequences were created using custom scripts written in Matlab
(R2015b, 64 bits, mathworks.com). Stimulus delivery was controlled by
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Fig. 1. Experimental design. Pure tones of 50-ms duration were isochronously delivered with a 500-ms stimulus onset asynchrony (SOA). Blocks contained tone
sequences with changes in either pitch or intensity feature. Tone sequences were composed of three (red), six (green) or nine (blue) identical tones. Color gradients
indicate standard sequences composed of low (dimmer hues) vs. high (darker hues) levels along a given feature dimension. Their combination gives rise to large or
small Δ (deviant) events. The highlighted segment illustrates how each deviant tone at the beginning of a given sequence (D for Deviant) gives rise to a new repetition
sequence, ending with a standard after 3 (S3), 6 (S6) or 9 tones (S9).
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Psychophysics Toolbox Version 3 (PTB-3, psychtoolbox.org, Brainard,
1997; Pelli, 1997) for Matlab, running on a computer runningWindows 7
(ASIO sound card for optimal stimulus latency control).

2.4. Peripheral physiology

Measurements of Autonomic Nervous System (ANS) functions were
taken to test changes in autonomic arousal/motivation and stress be-
tween the Pre-attentive and Attentive sessions (Grings and Dawson,
1978). Participants’ left hand laid still on a soft support, and a blood
volume pulse (BVP) sensor (Brain Products) was placed on the ring
finger. Changes in blood volume during cardiovascular activity modulate
the amount of light that is absorbed by the blood vessel, which can be
recorded as differences in the amount of reflection of an illuminating
source. BVP is an indirect measure of heart rate, which should increase in
response to arousing external stimuli. Participants also wore a respiratory
belt (Brain Products) to measure the respiratory wave (RW). The fre-
quency of the respiratory cycle should increase under stress, to allow for
larger oxygen intake. BVP and RW times series were bandpass filtered
between 12 and 240 beats per minute, and between 6 and 30 respiratory
cycles per minute, respectively, and then subject to a peak detection
procedure. BVP and RW rates were obtained for both experimental ses-
sions using the reciprocal of the time difference between peaks, stan-
dardized and subject to a paired t-test to verify the effect of Attention.
Results with p� 0.05 were declared significant. All analyses were run
using custom Matlab scripts.

2.5. Behavioral data

In the Attentive session, pitch and intensity changes reflecting the
physical difference of a deviant tone and last tone of the immediately
preceding standard sequence, were recoded offline as either small or
large deviancy events. In the pitch change condition, the small deviancy
set included all events up to a 4-semitone difference, while the large
deviancy set included all events at and above 8 semitones, regardless of
the direction of pitch change (from low to high, from high to low). Events
with a 6-semitone difference were randomly distributed between the
small and large deviancy sets. In the intensity change condition, the small
deviancy set included all events up to a 12 dB SPL difference, while the
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large deviancy set included all events at and above a 24 dB SPL differ-
ence. Events with 18-dB difference were randomly distributed between
the small and large deviancy sets. Behavioral responses were considered
valid if their latency with respect to deviant tone onset were equal to or
larger than 200ms (lower bound, insuring that participants react to
deviant onset rather than anticipate it), and smaller than 1500ms (higher
bound, insuring comparability across standard durations). Accuracy was
measured as the number of valid responses per condition that survived
EEG epoching procedures (see below). A 2� 3 repeated measures Anal-
ysis of Variance (rmANOVA, interaction model) was run on mean accu-
racy and response time measures obtained in the Attentive session with
factors Feature (small deviancy vs. large deviancy) and Time (series of
3TONES vs. 6TONES vs. 9TONES). Significance was set at p� 0.05.
Greenhouse-Geisser correction was applied whenever Mauchly's test
signaled violation of the sphericity assumption. To assess the evidence for
the alternative hypothesis relative to the null hypothesis, given the data,
we estimated the Bayes factor (B10) using Bayesian Information Criteria
(Wagenmakers, 2007; JASP 0.8.0.1, jasp-stats.org).

2.6. EEG data preprocessing

Electroencephalographic (EEG) data were recorded using an actiCAP
32-channel, active electrode set (10–20 system, Brain Vision Recorder,
Brain Products, brainproducts.com), at a sampling rate of 1 KHz, with a
0.1 Hz online filter (12 dB/octave roll-off). EEG recordings were offline
downsampled to 250Hz. There were 29 scalp electrodes, one electrode
(originally, Oz) was placed on the tip of the nose, while two other elec-
trodes (TP9 and TP10) acted as proxy for mastoid electrodes (10–20
system). All impedances were kept below 5 kOhm, except for the nose
electrode, which was kept below ~10 kΩ. Since electrode placement on
the tip of the nose was suboptimal in a subset of participants, and
sometimes detached from the skin during recording, the data of all par-
ticipants were off-line re-referenced to the digitally linked mastoid
proxies. EEG data was further preprocessed using the EEGLAB toolbox for
Matlab (Delorme and Makeig, 2004; sccn.ucsd.edu). Continuous EEG
data were visually inspected to remove large non-stereotypical artefacts
(e.g., sudden head movements, chewing), digitally filtered 0.5 Hz
high-pass and 45Hz low-pass (Kaiser window, beta¼ 5.65326, filter
orders 909 and 93, transition bandwidths 1 and 10Hz for high- and
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low-pass, respectively), and submitted to an Independent Component
Analysis using Infomax (Bell and Sejnowski, 1995). Infomax maximizes
the statistical independence of input components, allowing for optimal
source separation. The Independent Components (ICs) were further
tested for extremely large amplitude fluctuations (measured via kurtosis
of activity) within 1-s-long dummy epochs, using a recursive algorithm
starting at a threshold of 12 standard deviations and adaptively incre-
menting/reducing it at each iteration (max rejection per iteration: 5% of
data; max 4 iterations). There resulted a cleaned set which was submitted
to a second Infomax ICA pass, this time with the option extended, which
enhances the chance of capturing sub- and super-Gaussian signals (Jung
et al., 1998). Using the SASICA toolbox for EEGLAB (Chaumon et al.,
2015), ICs reflecting blinks/vertical eye movements and lateral eye
movements were detected by a correlation threshold of 0.7 with bipo-
larized F4-Fp2 and F8–F7, respectively, and found to be present in all
participants (range: 1–3 ICs for vertical, 1–2 ICs for horizontal). To
reduce inter-trial signal variability, ICs likely to reflect muscle artefacts
were also identified, using autocorrelation (threshold¼ 0, lag¼ 20 s),
while for ICs potentially reflecting bad electrodes a measure of focal
topography was used (threshold at 7 standard deviations relative to the
mean across electrodes). Additionally, ICs reflecting heartbeat, when
detected, were selected for rejection. The ICA results were then copied
back to the original EEG datasets and rejected before epoching. For all
single-trial analyses, EEG recordings were then filtered 0.2 Hz high-pass
and 40 Hz low-pass (Kaiser window, beta¼ 5.65326, filter order 2267
and 909 points, transition bandwidth 0.4 and 1 Hz, respectively).

2.7. Time-frequency analysis

Prior to analyzing the experimental data, we checked for the presence
of significant differences in occipital alpha band (8–12 Hz) global power
between Pre-attentive and Attentive sessions, as they differed in task-
unrelated visual stimulation. We calculated the average global power
spectrum using a Fast Fourier Transform (Hanning window) on detren-
ded dummy epochs extracted every 1 s across the entire session data,
filtered at 1 Hz high-pass. Power spectra were obtained by squaring the
absolute values of the complex Fourier coefficients, after correcting for
the Hanning window (2/sqrt (1.5)). Statistical analyses were performed
on normalized amplitudes of the averaged occipital electrodes (O1, O2),
obtained by dividing the power spectrum by length of the time domain
signal.

To test which component of the neural signal predicted the feature
component of behavior, we first focused on the Attentive session. We
applied a single-trial analysis of the global power spectrum and inter-trial
phase coherence for small vs. large feature change, occurring after
3TONES, 6TONES and 9TONES, extracted from the Attentive session.
Epochs were cut around deviant onset (1-s long: 500 to 500ms). We
analyzed only epochs which contributed to signal-to-noise ratio (Rahne
et al., 2008). Individual epochs were not baseline-corrected: first and
foremost, baselining the deviant relative to the standard would confound
local standard and deviant effects; second, baselining invalidates voltage
topography analysis (Urbach and Kutas, 2006); third, applying appro-
priate high-pass filtering instead of baseline correction is nowadays
technically preferable to remove very low frequency artefacts (Widmann
et al., 2015). To control for eventual slight differences in noise due to
epoch number among conditions, epoch number was equated before
running statistical comparisons. Time-frequency analyses were run using
the Fieldtrip toolbox for Matlab (Oostenveld et al., 2011; www.ru.nl/neu
roimaging/fieldtrip), and custom Matlab scripts. We obtained oscillatory
power and complex Fourier spectrum estimates – the latter used to
calculate inter-trial phase coherence - at each sensor by multiplying each
time sample with a Morlet wavelet in the frequency domain (0.25 Hz
resolution, from 0.25 to 35 Hz; ‘mtmconvol’ calculation method in
Fieldtrip, Hanning window), in steps of 200ms. Phase coherence was
computed using the Inter-Trial Phase Coherence index (ITPC), analogous
to the “phase-resetting index” (Tallon-Baudry et al., 1996). The Fourier
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output was amplitude-normalized, angles were summated, and normal-
ized by length. ITPC values range from 0 to 1, with values near 1 implying
almost perfect phase coincidence across trials. Comparisons between
small vs. large deviancy epochs at each standard series level (3TONES,
6TONES and 9TONES), at each individual electrode and time point, were
run using a nonparametric, cluster-based permutation test, which con-
trols for the family-wise error rate within each comparison (Maris and
Oostenveld, 2007). This approach does not require a priori assumptions
about the time and frequency windows likely to show a difference be-
tween conditions (minimal N electrodes per cluster¼ 2, cluster param-
eter¼maxsize, 2000 permutations, significance set at 0.05, two-sided).
We selected all time-frequency samples reflecting a significant difference
between small and large deviancy across the scalp, and used it as a spatial
filter to obtain maps of the distribution of voltage at each standard series
level. These were contrasted by using a topographic analysis of variance,
which calculates the degree of dissimilarity between two conditions as
the squared difference of voltage values normalized by the global field
power at each electrode and time point, and tests for significance using a
resampling approach (TANOVA, Murray et al., 2008). The mean values
collected at electrodes with the largest activity into a multiple regression
model as predictors of behavior with factors Time (series of 3TONES vs.
6TONES vs. 9TONES), and Feature (small Δ vs. large Δ). Significance was
set at p� 0.05. Bonferroni correction was applied to correct for
family-wise error across multiple comparisons. Here too, we estimated
the Bayes factor (B10).

We then concentrated on attention per se, by including in the model
the data from the Pre-attentive condition. To isolate the effect of atten-
tion on feature-based sensory processing, we included in the single-trial
analysis small vs. large feature change, occurring after 3TONES, 6TONES
and 9TONES, extracted from the Pre-attentive session. The experimental
sequences were the same for the Attentive and the Pre-attentive sessions,
thereby permitting to factor away the impact of stimulus distribution.
Again, we ran a nonparametric, cluster-based permutation test, this time
contrasting Attentive vs. Pre-attentive single-trial neural estimates for
standard sequences with 3TONES, 6TONES and 9TONES, 3TONES,
6TONES and 9TONES for small and large deviancy events. The results
were then entered into a 2� 3 x 2 repeated measures Analysis of Vari-
ance (rmANOVA, interaction model) with factors Attention (Pre-attentive
Δ vs. Attentive), Time (series of 3TONES vs. 6TONES vs. 9TONES), and
Feature (small Δ vs. large Δ). Significance was set at p� 0.05. Greenhaus-
Geisser correction was applied whenever Mauchly's test signaled viola-
tion of the sphericity assumption. Themean difference between Attentive
and Pre-attentive neural activity at electrodes with the largest activity
was again entered into a multiple regression model with factors Time
(series of 3TONES vs. 6TONES vs. 9TONES), and Feature (small Δ vs.
large Δ), and response behavior as a dependent measure. Significance
was set at p� 0.05. Bonferroni correction was applied whenever
required.

As for the orienting of attention in time, we analyzed single-trial
epochs reflecting standard sequence duration, extracted from the Pre-
attentive and Attentive sessions, cut around the inter-deviant interval
(1.5 s for 3 sounds, 3 s for 6 sounds, and 4.5 s for 9 sounds, plus 500ms at
the beginning and end of each standard series). Notice that these long
epochs reflect the mounting of temporal expectations regardless of
whether the subsequent or preceding feature change was large or small.
The effect of attention was measured at each standard series level
(3TONES, 6TONES and 9TONES) once more using a nonparametric,
cluster-based permutation test, for both power and phase coherence. To
capture the evolution in time of frequency bands that significantly
differed between the Attentive and Pre-attentive conditions, we stan-
dardized and averaged their neural profile, and run two-way rmANOVAs
with factors Attention and Time to test for effects on the last tone of each
sequence (Standard; Bonferroni-corrected, p� 0.05). Finally, we plugged
phase coherence and power envelope estimates for both deviant and
standard tones into a multiple regression analysis as single-trial pre-
dictors of response speed.
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2.8. Data and code availability

The data and code, which support the findings of this study, comply
with the requirements of the Max Planck Society, and with the institu-
tional ethics approval. They are available from the corresponding author
upon reasonable request, for research purposes only.

3. Results

3.1. Peripheral physiology responses

A preliminary data review showed that, even with a 6 dB intensity
step, the intensity change condition did not result in a sufficient number
of trials in all conditions. Thus, we report only data from the pitch change
condition. Attention to stimuli significantly changed heartbeat rate
(t(1,29)¼�2.62, p¼ 0.01). Standardized values show an increase of
heartbeat frequency – indexing autonomic arousal – in the Attentive
condition relative to the Pre-Attentive condition (Pre-Attentive, mean¼ -
0.0014, Standard Error of the Mean, SEM¼ 0.0007; Attentive,
mean¼ 0.0011, SEM¼ 0.0006). There was no significant difference in
stress-related respiratory frequency: t(1,29)<�1.00, p¼ 0.32.

3.2. Behavioral responses

Two participants (1, 14) had an extremely low number of correct
detections (N< 10) in one or more conditions and were thus excluded
from further analysis. Individual response time profiles were deemed as
Fig. 2. A. Mean response times for the Attentive condition. Three, six and nine tone
deviancy events are plotted separately. Error bars indicate standard deviation. B. Pow
significant difference was found when comparing large vs. small deviancy events at a
C. Phase coherence profile resulting from the average across all electrodes. Shaded are
the lower beta range (<20 Hz) – reported as color-coded horizontal bars – were foun
Significant cluster-based differences depicted in the time-frequency dimension, disreg
between ~150 and ~400ms, and up to 12 Hz, the upper bound of alpha frequency
bands. E. Topographical distribution of significant clusters 1–7 Hz across time. F. B
response speed. Fitted response times are plotted against original response times to
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valid based on a 95% Confidence Interval (CI) range, leading to the
exclusion of participants # 5, 20 and 30 as upper-bound outliers (Ratcliff,
1993). For the remaining 25 participants, the mean number of correct
detections per condition ranged between 40.44 and 43.36 (SEM
range¼ 0.81–1.10), within each session.

We ran a 2� 3 rmANOVA with factors Feature (small vs. large de-
viancy) and Time (three temporal expectation levels: 3TONES, 6TONES,
9TONES) on correct detections and found a main effect of Time (F
(2,48)¼ 6.52, p< 0.01, η2¼ 0.24). Accuracy improved with mounting
temporal expectation, regardless of deviancy magnitude: theoretical
maximum¼ 45, mean 3TONES¼ 40.37 (SEM¼ 0.95), mean
6TONES¼ 41.30 (SEM¼ 0.97), mean 9TONES¼ 42.04 (SEM¼ 1.08). A
rmANOVA with Feature and Time factors on median response times (RT)
showed a significant effect of Feature (F (1,24)¼ 51.77, p< 0.001,
η2¼ 0.68), and a significant effect of Time (F (2,48)¼ 73.91, p< 0.001,
η2¼ 0.75). Participants were faster at detecting deviant events arising
from large deviancy events (mean¼ 312.24ms, SEM¼ 9.39) rather than
small ones (mean¼ 345ms, SEM¼ 7.96). A hazard rate-like distribution
of response times also emerged. Waiting for 6TONES or 9TONES led to
faster responses than waiting for 3TONES (all ts (1,24)> 9.98, all
ps< 0.001, Bonferroni corrected), although waiting for 9TONES or
6TONES did not have significantly different effects (t (1,24)¼ 1.01,
p¼ 0.57): mean RT 3TONES¼ 370.54ms (SEM¼ 11.48), mean RT
6TONES¼ 310.69ms (SEM¼ 7.37), mean RT 9TONES¼ 304.64ms
(SEM¼ 7.90). The interaction of Feature and Time factors was not sig-
nificant (F (2,48)¼ 0.26, p¼ 0.76; see Fig. 2A). To evaluate the amount
of evidence for including the interaction term from the statistical model
given the experimental results, we calculated the Bayes factor (B10). We
sequences are color-coded in red, green and blue, respectively. Small and large
er profile in all conditions, from 1 to 35 Hz, averaged across all electrodes. No

ny temporal expectation level. Shaded areas indicate standard error of the mean.
as indicate standard error of the mean. Significant cluster-based differences up to
d between large and small deviancy events at all temporal expectation levels. D.
arding the magnitude of phase coherence. Notice that the clusters largely overlap
band. The largest overlap is localized to the delta (1–4 Hz) and theta (5–7 Hz)
rain-behavior fit between phase coherence at deviant onset as a predictor and
highlight the strength of the predictive relationship.
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found that the evidence against the null hypothesis was 10.14 times
higher (Cauchy prior width¼ 0.707), and thus more compelling, without
the interaction term (B10 Time þ Feature ¼ 7.132eþ12; B10
Time þ Feature þ Time*Feature ¼ 7.033eþ11). We conclude that the
factors Time and Feature independently modulated response speed.

3.3. Neural signatures of deviancy and temporal expectations

We first checked for the presence of confounding effects in task-
irrelevant neural activity, potentially driven by differences in visual
stimulation between the Attentive and Preattentive conditions. We
calculated the average power spectrum at occipital sites, and there was
no significant difference: t (1,24)¼�0.53, p¼ 0.59; mean Pre-atten-
tive¼ 0.10 μV2 (SEM¼ 0.02), mean Attentive¼ 0.11 μV2 (SEM¼ 0.02).

As for task-relevant brain activity in the Attentive condition, we
compared oscillatory power in the window from 0 to 500ms post-
stimulus around deviant onset between small and large deviancy
events, at each temporal expectation level, for frequencies 1–35Hz. No
significant time-frequency cluster of differences emerged, suggesting that
deviancy was not encoded by changes in power spectrum (all ps� 0.067).
The power profile in Fig. 2B illustrates this point, by displaying the
average values across electrodes, with a typical deflection in the theta/
alpha (5–12 Hz) band range. As a further test, we entered the time-
frequency results in the theta and alpha bands (averaged across all
electrodes, time and frequency bins) in a 2� 3 rmANOVA with factors
Feature and Time: there was no main effect and no significant interaction
(all Fs< 1.8, all ps> 0.19), suggesting that power estimates at deviant
onset were not sensitive to either experimental manipulation. Second, we
analyzed inter-trial phase coherence. We found positive clusters of sig-
nificant differences between large vs. small deviancy events, at all tem-
poral expectation levels (all Ts� 1805, all ps< 0.001, Bonferroni
corrected). No significant negative clusters were found (all ps> 0.06).
Fig. 2C displays the spectral profile of phase coherence at each experi-
mental condition, averaged across all electrodes, highlighting the extent
of cluster-based significance for each comparison in the frequency
dimension via color-coded horizontal bars. Fig. 2D presents the same
data, this time disregarding the magnitude of the effects and focusing
instead on the extension in time of significant clusters, and their
morphology in the frequency domain. Significant clusters were larger for
delta and theta bands (1–7Hz; 3TONES, from 152 to 376ms; 6TONEs,
from 24 to 352ms; 9TONES, from 176 to 376ms), although they
extended into the alpha and lower beta bands (up to 20 Hz), as well,
particularly at latencies traditionally corresponding to the Mismatch
Negativity (~200ms; N€a€at€anen et al., 2007; Tiitinen et al., 1994).
Plotted clusters include all significant time-frequency bins, at all scalp
channels. A topographical analysis of variance for the delta and theta
frequencies showed that temporal expectations do not significantly
change the underlying generators of feature-based differences (TANOVA,
all ps> 0.15). Fig. 2E illustrates this point by collapsing all significant
bins across frequencies in the interval between 0 and 500ms. We
calculated the average phase coherence values for the combined del-
ta/theta bands (1–7 Hz) between deviant onset and 500ms post-onset,
for all channels. These estimates were entered in a 2� 3 rmANOVA
with factors Feature and Time. Similarly to behavioral data, we found a
main effect of Feature (F (1,24)¼ 132.39, p< 0.001, η2¼ 0.84), and a
main effect of Time (F (2,48)¼ 8.87, p< 0.001, η2¼ 0.27), but no sig-
nificant interaction (F (2,48)¼ 0.14, p¼ 0.87). Phase coherence was
larger for large deviancy magnitudes (mean¼ 0.38, SEM¼ 0.02) than for
small deviancy magnitudes (mean¼ 0.27, SEM¼ 0.01). Waiting for
6TONES or 9TONES led to larger phase coherence than waiting for
3TONES (all ts (1,24)> 2.55, all ps< 0.05, all p-values Bonferroni cor-
rected), but phase coherence to deviant onset after 9TONES was similar
to phase coherence after 6TONES (t (1,24)¼ 1.69, p ¼ 0.10): mean ITPC
3TONES ¼ 0.30 (SEM ¼ 0.01), mean RT 6TONES ¼ 0.33 (SEM ¼ 0.01),
mean ITPC 9TONES ¼ 0.36 (SEM ¼ 0.02). The evidence against the null
hypothesis was 14.9 times higher (Cauchy prior width¼ 0.707), and thus
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more compelling, without the interaction term (B10 Time þ Feature
¼ 1.796eþ19; B10 Time þ Feature þ Time*Feature ¼ 1.198eþ18). The
estimates of phase coherence at delta-theta bands (1–7 Hz) were used as a
predictor of behavior. The resulting linear regression model was signif-
icant (F (1,148) ¼ 28.26, p < 0.001, see Fig. 2F). This is consistent with
our hypothesis that phase coherence at low frequencies is a better pre-
dictor of deviancy magnitude than power. However, we found it also
reflects the topographic and magnitude changes induced by temporal
expectations. The adjusted R2 was equal to 0.16, suggesting the model
explained a small-to-moderate part of the variance.

3.4. Attention on feature change

In the Attentive session, the distribution of response times depends on
attention and stimulus structure. We highlighted the effects of attention
per se, while abstracting from stimulus structure, by comparing the same
deviant epochs from the Attentive (focus on stimuli) and the Pre-
attentive (focus on silenced movie) sessions.

The comparison of power estimates for deviant onset in the Attentive
and Pre-attentive conditions highlighted large positive clusters of sig-
nificant differences for both small and large deviancy magnitudes, and at
each temporal expectation level (all Ts> 17652, all ps< 0.05, Bonferroni
corrected). No significant negative clusters were found (all ps> 0.12).
The distribution of positive clusters overlapped in frequency (�20 Hz) in
the post-stimulus period; however, significance began before deviant
onset, likely reflecting the focus of attention on continuous auditory
stimulation, rather than deviancy proper. Fig. 3A depicts the spectral
profile of each condition, averaged across all electrodes, for frequencies
1–35 Hz in the post-stimulus period. When estimates of power for sig-
nificant electrode and time-frequency bins between 1 and 20 Hz were
entered in a 2� 2 x 3 rmANOVA, with factors Attention (Pre-attentive vs.
Attentive), Feature (small vs. large deviancy) and Time (three temporal
expectation levels: 3TONES, 6TONES, 9TONES), there resulted a signif-
icant effect of Attention (F (1,24)¼ 11.05, p< 0.01, η2¼ 0.35), but no
significant effects of Time or Feature factor, and no significant in-
teractions (all Fs< 3.25, all ps> 0.08). Average power was larger in the
Attentive condition (mean¼ 18.79 μV2, SEM¼ 1.64), than in the Pre-
attentive one (mean¼ 13.28 μV2, SEM¼ 2.77).

As for inter-trial phase coherence, we also found extended significant
positive time-frequency clusters reflecting the effect of attention in all
conditions (all Ts> 2630, all ps< 0.01, Bonferroni corrected). No sig-
nificant negative clusters were found (all ps> 0.10). The effects of
attention began early after deviant onset (mean cluster onset¼ 100ms),
and involved frequencies up to ~15Hz. Fig. 3B and C illustrate the
average values of inter-trial phase coherence across all electrodes,
collected for small deviant event and large deviant events, respectively.
The largest differences between Attentive and Pre-attentive trials were
localized at delta and theta frequencies (1–7 Hz; color-coded, horizontal
bars). Fig. 3D illustrates the topographical distribution of significant
cluster differences (t-values) between Attentive and Pre-attentive trials
for phase coherence at combined delta and theta bands, highlighting a
parietal concentration of significant attention effects. Topographies
reflect the cluster t-value averages within 150ms and 250ms post-onset.
We then submitted the estimates of average phase coherence at delta and
theta frequencies for all significant time-frequency bins, averaged across
all significant electrodes, to a 2� 2 x 3 rmANOVA with factors Attention
(Pre-attentive vs. Attentive), Feature (small vs. large deviancy) and Time
(three temporal expectation levels: 3TONES, 6TONES, 9TONES). Results
show main effects for all three factors: Attention, F (1,24)¼ 63.33,
p< 0.001, η2¼ 0.72; Feature, F (1,24)¼ 37.80, p< 0.001, η2¼ 0.61; and
Time, F (2,48)¼ 5.72, p< 0.01, η2¼ 0.19. Attention separately inter-
acted with the Feature factor (F (1,24)¼ 18.05, p< 0.001, η2¼ 0.42) and
the Time factor (F (2,48)¼ 11.83, p< 0.001, η2¼ 0.33). Attention
amplified the difference in phase coherence between large and small
deviancy events: Pre-attentive, t (1,24)¼ 3.12, p< 0.01 (large Δ,
mean¼ 0.26, SEM¼ 0.01; small Δ: mean¼ 0.19, SEM¼ 0.005);



Fig. 3. Attention modulates power and phase coherence at deviant onset. A. Color-coded power profile for all conditions, averaged across all electrodes (pre- and post-
onset). Shaded areas indicate standard error of the mean. The figure highlights the difference between Attentive and Pre-attentive conditions, eliminating the dif-
ference between small and large deviancy events. B & C. Phase coherence amplitudes, averaged across all electrodes, for small and large deviants in the Attentive and
Pre-attentive conditions. Horizontal bars indicate the extension of significant clusters reflecting the effect of Attention in the frequency domain. D. Topographic plots
of cluster values (mean of values between 150 and 250ms post-onset, reflecting the typical latency range of the Mismatch Negativity, N€a€at€anen et al., 2007; Tiitinen
et al., 1994), highlighting the parietal concentration of significant differences. E. Interaction between Attention and Feature factors, showing that attention magnifies
the difference in phase coherence between large and small deviant events. F. Interaction between Attention and Time factors, showing that temporal expectations
modulated phase coherence only under focused attention.
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Attentive, t (1,24)¼ 7.49, p< 0.001 (large Δ: mean¼ 0.30, SEM¼ 0.01;
small Δ: mean¼ 0.21, SEM¼ 0.01; Bonferroni corrected, see Fig. 3E).
Importantly, only in the Attentive condition did temporal expectations
modulate phase coherence (Fig. 3F): Waiting for either 6TONES or
9TONES led to larger phase coherence values than waiting for 3TONES
(all ts (1,24)¼ 3.46, p< 0.01, Bonferroni corrected), while all other
comparisons were not significant, all ps> 0.13): mean ITPC 3TONES in
the Attentive condition¼ 0.26 (SEM¼ 0.01), mean RT 6TONES¼ 0.29
(SEM¼ 0.01), mean ITPC 9TONES¼ 0.30 (SEM¼ 0.01). There was no
effect of temporal expectations in the Pre-attentive condition (all
ps> 0.25). However, there was no significant three-way interaction and,
specifically, no significant interaction of Feature and Time factors (all
Fs< 0.45, all ps> 0.63), suggesting that the neural underpinnings of
Feature and Time aspects of attention to stimulus change within complex
streams are distinct. We then entered phase coherence and power esti-
mates as predictors of response times, using a multiple linear regression.
A significant model emerged explaining a moderate portion of variance
(F (1,148)¼ 21.16, p< 0.001, adjustedR2¼ 0.21), with only phase
coherence as a significant predictor (p< 0.001; global power, p¼ 0.06).
3.5. Orienting attention in time

We then investigated the deployment of attention along the three
steps of waiting time for deviant onset (3-, 6-, and 9-tone series), aver-
aging across the Feature dimension. We analyzed epochs of 1.5, 3 and
4.5 s time locked to the next deviant onset, with additional 1-s segments
at either side. We first looked at phase coherence, and found large pos-
itive clusters at the onset of all deviant tones (beginning and end of each
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epoch), thereby replicating our findings (all Ts> 9770, all ps< 0.001; see
Fig. 4A; phase coherence is depicted by black contours plots). There were
no significant negative clusters (all ps> 0.08). However, we found no
significant cluster in the waiting time period, with the exception of the
9TONES series, for which there resulted a significant cluster at the onset
of the last tone (Standard, p< 0.01). This suggests that phase concen-
tration does not track the incremental nature of waiting time, but – if at
all – it reflects certainty about the subsequent onset of a deviant sound.
We then looked at global power and found continuous attention effects
clustering strongly at alpha (8–12Hz) and beta (13–25Hz) bands. There
was one large, significant positive cluster for each waiting series (all
Ts� 153166, all ps< 0.005, Bonferroni corrected). There were no
negative clusters (all ps> 0.17). Fig. 4A plots the significant cluster
values for the three different temporal expectation levels, at the exemplar
electrode Pz, time-locked to the onset of the following deviant. Notice
that, regardless of tone series length, deviant onset (D) caused a change
in which frequency bands reflected power-based attention, from alpha/
beta into delta/theta, followed by a rebound at first tone repetition (S2),
and sustained larger global power difference in the alpha/beta range for
the remaining of each waiting time series. We calculated standardized
estimates of average alpha (8–12 Hz) and beta (13–25 Hz) bands across
all electrodes and time-frequency bins, and subtracted the activity in the
Pre-attentive condition from that in the Attentive condition. Fig. 4B
displays the average values across all electrodes, and shows that deviant
onset is characterized by a rapid suppression of both the alpha and beta
rhythms, after an initial alpha power burst. Notice that at all temporal
expectation levels, mean alpha band power was significantly larger than
mean beta band power between 200ms and 600ms after deviant onset.
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Fig. 4. Attention modulates elapsed time to the next deviant. A. Time-frequency clusters of significant differences in global power between Attentive and Pre-attentive
conditions, for the three temporal expectation levels (upper layer for 3 and 6 tones, lower layer for nine tone), time-locked to the onset of the following deviant sound,
plotted at the exemplar electrode Pz. The magnitude of statistical cluster differences is color-coded. Overlaid in black are the significant clusters for phase coherence.
B. Average values across all electrodes of the standardized estimates of alpha (8–12 Hz) and beta (13–25 Hz) bands, derived from subtracting the activations in the Pre-
attentive condition from those in the Attentive condition. Horizontal, yellow bars represent the extension in time of significant cluster differences between alpha and
beta bands. C. Left panel, average power estimates for the last standard tone of each sequence, separately depicted the alpha and beta bands. Right panel, multiple
regression model fit between attention-dependent phase coherence and power at deviant onset, attention-related alpha and beta power estimates for the last standard
of each repetition series as predictor and response times as dependent viable. Fitted response times are plotted against original response times.
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Importantly, this interval turned out to be behaviorally relevant, as a
binomial test showed that it contained 100% of individual mean response
time values (all ps< 0.001). The relative weight of alpha and beta signals
flipped with a faster rebound of the beta band after the second tone in a
series (S2). To quantify the dynamics of alpha and beta band while
waiting for the deviant to occur, we calculated the median difference in
power within the standard tone window (last tone of each series, 500-ms
duration) between the Attentive and Pre-attentive conditions for both
alpha and beta bands, across all electrodes, and entered them in a 2� 3
rmANOVA with Band (Alpha vs. Beta) and Time (3TONES, 6TONES, and
9TONES) factors. There resulted a significant main effect of Time (F
(2,48)¼ 9.42, p< 0.001, η2¼ 0.28), but no significant effect of Band or
interaction (all Fs� 4, all ps> 0.05). Alpha and Beta band mean power
for the 3TONES standards (mean¼ 0.39, SEM¼ 0.10) was significantly
different from mean power for 6TONES standards (mean¼ 0.08,
SEM¼ 0.13) and 9TONES standard (mean¼ 0.06, SEM¼ 0.12; see
Fig. 4C, left panel). We then averaged across median alpha and beta
power for standards, and entered the resulting estimates together with
the difference in phase coherence and power between Attentive and Pre-
attentive conditions at deviant onset obtained in the preceding section, as
predictors of response times in a multiple regression. There resulted a
significant model (F (3,146)¼ 24.01, p< 0.001), explaining a more size-
able portion of the variance in the data (adjustedR2¼ 0.31). Notably, all
predictors significantly contributed: Alpha/beta power for standard
tones (standardized coefficient¼ 40.86, p¼ 0.025), phase coherence for
deviant tones (standardized coefficient¼ - 399.77, p< 0.001), and
global power for deviant tones (standardized coefficient¼ - 0.80,
p< 0.01). Finally, we calculated log-likelihood function values for the
multiple regression model with phase coherence for deviants as predictor
(deviant-only model), as well as for the multiple regression model with
phase coherence and power for deviants, plus averaged alpha and beta
power for standards as predictors (deviant-and-standard model). The
Akaike information criteria showed that the deviant-and-standard model
resulted in a better fit (deviant-only fit, one parameter¼ 2060.8; deviant-
and-standard model, three parameters¼ 2048.2).

4. Discussion

We tested how components of attention determine response behavior
to pitch deviants in a sound stream. Deviants were unpredictable both in
magnitude of change (Feature dimension) and as to the time at which
they would appear (Time dimension). We found that the feature
component (“what”, reflecting deviancy magnitude) and the time
component (“when”, reflecting waiting time to the next deviant) sepa-
rately predict response times. Moreover, for the deviant response, global
power estimates were not discriminative of either the feature or time
components, although attention generally enhanced power at deviant
onset. Phase coherence, instead, predominantly encoded deviancy
magnitude with a large effect size, although it also reflected the evolving
temporal expectations (Time dimension), again as independent pre-
dictors of response times. Attention amplified phase coherence more
strongly for large rather than small deviancy events, in line with the
literature (Alho, 1992; Amenedo and Escera, 2000; Berti and Schr€oger,
2001; Tiitinen et al., 1994). Furthermore, the generation of temporal
expectation effects on phase coherence was essentially due to the ori-
enting of attention, rather than to the implicit learning of stimulus
structure. Notably, attention-driven differences between large and small
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deviancy events were significantly encoded by phase coherence, con-
firming previous findings in pre-attentive experimental settings (Fuen-
temilla et al., 2008, 2006; Haenschel et al., 2000), as well as in attentive
settings (Barne et al., 2017; Auksztulewicz and Friston, 2015). The
largest differences were found for delta and theta bands (1–7 Hz; for an
interaction of delta band modulation and temporal expectations in
perception, see Herrmann et al., 2016). The brain-behavior model based
on brain activity at deviant onset with global power and phase coherence
predictors was significant but explained a moderate portion of the vari-
ance (21%), suggesting that it captured the general trend well, but the
variance in response time poorly. Importantly, however, a cluster-based
approach showed that the influence of attention on power estimates at
deviant onset began already in the pre-stimulus interval, suggesting it is
not specific to feature change. Indeed, we then analyzed the effects on
attention on the waiting time series, we found a predominant power
change at higher frequencies (alpha, 8–12 Hz, and beta, 13–25Hz).
Including power estimates for alpha/beta activity for the last tone of each
waiting time series (Standard) made the model significantly more precise
(31%). Notice that alpha/beta oscillatory power dynamics significantly
contributed to modelling behavior.

Previous work on alpha and beta rhythms separately showed their
importance for the deployment of attention in time. Our findings extend
the relevance the alpha modulations for orienting of attention in time to
continuous sequences of events. However, contrary to Rohenkohl and
Nobre (2011), we found alpha to increase for short waiting times, and
remain at plateau with a potential monitoring function for longer waiting
times. At plateau, beta band power changes jointly with the alpha band,
however it rebounds more rapidly than alpha power after deviant onset.
We hypothesize that this difference could underlie a mechanistic expla-
nation for why short waiting times are detrimental to response speed. If a
decrease in cortical beta activity relates to the release of motor programs
for button press (Joundi et al., 2013; Morillon and Baillet, 2017;
Pfurtscheller et al., 2003; Pogosyan et al., 2009; Swann et al., 2009), then
its relative faster rebound would make motor responses immediately
following a deviant-dependent desynchronization simply harder to
execute. Thus, we suggest that the point is not a facilitation of longer
waiting times, as it is generally assumed – in fact, response times at
6-tone series and 9-tone series were similar –, but a disadvantage in
responding at shorter intervals. This is also supported by the finding that
all valid response times are subtended by the post-deviant time lag in
which the alpha signal synchronizes while the beta signal desynchronizes
(Wessel and Aron, 2017).

It generally remains an open question which particular aspects of
behavior alpha and beta rhythms track, distinctly or jointly (Arnal and
Giraud, 2012; Fujioka et al., 2015; Rohenkohl and Nobre, 2011; Sedley
et al., 2016; Wilsch et al., 2014). Recent connectivity analysis work
suggests that both alpha and beta are ‘top-down’ rhythms (Michalareas
et al., 2016). According to Sedley et al. (2016), alpha and beta rhythms
have concurrent functions: alpha relates to the precision of temporal
predictions, while beta conveys changes in predictive strength. Spitzer
and Haegens (2017) suggest that while alpha activity serves the function
of suppressing irrelevant sensory processing, beta band modulations
would foster the endogenous re-activation of task-specific information,
by creating dedicated cell assemblies of short duration, extending the
view on beta as a top-down rhythm, initially put forward by Engel and
Fries (2010). Spitzer and Haegens' (2017) proposal also fits as an
explanation for the dynamics of alpha and beta power that we described,
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particularly for deviant onset – beta band activity is rapidly suppressed,
since top-down predictions are violated, and alpha rhythm is enhanced,
suppressing irrelevant sensory processing. We suggest that the onset of a
new event inhibits the temporal dimension of attention to stimuli at
higher frequencies, while boosting phase concentration at lower fre-
quencies to better encode stimulus features, suggesting a division of
neural labor for attention in complex sensory environments.

We also found that, for the longest waiting time in our sequences
(4.5 s), temporal attention drove phase concentration in the standard
period, as well as in the deviant period. In the longest waiting time
condition, participants became confident about proximal target onset:
the triggering of phase coherence mechanisms might serve to better
encode the features of the standard stimulus in order to facilitate
response speed. Fuentemilla et al. (2008) already found pre-attentive
phase concentration for standard tones, but they used an oddball stim-
ulus structure, collapsing standard tones at all durations. Furthermore,
using a foreperiod experiment, Wilsch et al. (2015) found phase con-
centration in the lower delta band to increase with a longer waiting time
to target, although their durations were similar to the 3TONE condition
in our experiment, for which we found no phase concentration in the
time dimension. This discrepancy could be accounted for by the fact that
we investigated attentive modulation only (and at frequencies above
1 Hz), or by the sensory difference between classical foreperiod experi-
ments, with silence between cue and target, and continuous stimulation
as in our experiment.

We did not find any significant interaction between the behavioral
components of Feature and Time, or their underlying neural processes.
This is in line with the results of Auksztulewicz et al. (2018), who
analyzed evoked responses in humans using invasive electro-
corticography: their work suggests that predicting “what’ relies on
short-term plasticity in sensory-specific areas, while predicting “when”
depends on synaptic gain in motor areas. However, an interaction be-
tween feature-based and time-based dimensions of attention has been
shown in animal studies (Jaramillo and Zador, 2011). In an experiment
using temporally regular vs. irregular stimulation sequences, Cravo et al.
(2013) showed that the phase of delta rhythm (1–4Hz) in the temporally
regular condition correlated with a gain in perceptual accuracy. By
analogy, longer waiting times could have led to larger phase coherence in
the delta and theta frequency bands for large deviancy events, or rather
supported the processing of small deviancy events, by increasing the
signal-to-noise ratio of their encoding (Okamoto et al., 2007). Contrary to
this, we found that attention, and not waiting time, amplified phase
coherence for large deviancy more than for small deviancy events.
Attention had a similar effect on phase coherence for mounting temporal
expectations. In a foreperiod GO-NO GO study, Cravo et al. (2011)
positively linked power in the theta band with high temporal expecta-
tions. However, we found significant attention-related power differences
only at higher frequencies. The absence of an interaction could be due to
the differential weight of unpredictability in the Time and Feature di-
mensions: time-wise, unpredictability is only verified at the beginning of
each standard series, as deviant onset becomes ever more probable with
elapsed time, while unpredictability in the Feature dimension remains
constant across each standard series.

A limitation to our study is that we could not rely on source locali-
zation techniques, due to the sparse electrode scalp coverage, and lack of
structural information on individual brains. Further, we did not consider
the dynamics of different components of the beta rhythm: low beta, or
beta 1, between 14 and 19 Hz, vs. high beta, or beta 2,>20 Hz (see Kopell
et al., 2011). Beta 2 is considered more specifically motor in origin and
function (Brovelli et al., 2004), and thus its suppression might contribute
more to the dynamic profile we highlighted. Finally, while we assume
that participants are using elapsed time to compute the hazard rate, we
cannot yet determine which level of the computation process is reflected
by the neural indexes we analyzed, whether it is elapsed time per se or
perceived event probability.

Our results suggest a division of neural labor between phase
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coherence at low frequencies and oscillatory power at high frequencies in
encoding two components of sensory attention: capture by salient feature
change, and the orienting in time to the next salient event.
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