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Pre-stimulus alpha (a) activity can influence perception of shortly presented, low-contrast stimuli. The under-
lying mechanisms are often thought to affect perception exactly at the time of presentation. In addition, it is
suggested that a cycles determine temporal windows of integration. However, in everyday situations, stimuli are
usually presented for periods longer than ~100 ms and perception is often an integration of information across
space and time. Moving objects are just one example. Hence, the question is whether a activity plays a role also in
temporal integration, especially when stimuli are integrated over several o cycles. Using electroencephalography
(EEG), we investigated the relationship between pre-stimulus brain activity and long-lasting integration in the
sequential metacontrast paradigm (SQM), where two opposite vernier offsets, embedded in a stream of lines, are
unconsciously integrated into a single percept. We show that increases in a power, even 300 ms before the
stimulus, affected the probability of reporting the first offset, shown at the very beginning of the SQM. This effect
was mediated by the systematic slowing of the o rhythm that followed the peak in @ power. No phase effects were
found. Together, our results demonstrate a cascade of neural changes, following spontaneous bursts of « activity
and extending beyond a single moment, which influences the sensory representation of visual features for
hundreds of milliseconds. Crucially, as feature integration in the SQM occurs before a conscious percept is eli-

cited, this also provides evidence that a activity is linked to mechanisms regulating unconscious processing.

1. Introduction

For almost a century, the relationship between perception and brain
rhythms has been a central topic of research (Bishop, 1932; Adrian and
Matthews, 1934; Latour, 1967). Many studies have focused on the role
of alpha rhythm (o; 8-13 Hz) (for review, see VanRullen and Dubois,
2011; Gallotto et al., 2017; Van Diepen et al., 2019; Kienitz et al., 2022;
Quigley, 2022) showing, for instance, that low pre-stimulus o power can
improve visual detection and discrimination performance (Ergenoglu
et al., 2004; Hanslmayr et al., 2005; van Dijk et al., 2008), and different
phases of the a cycle can affect the rate of hits and misses in detection
tasks (Busch et al., 2009; Mathewson et al., 2009). The interpretation of
these findings often relies on the idea that o rhythm reflects alternating
states of cortical inhibition and excitation, with higher a power at spe-
cific phases leading to more inhibition (Jensen and Mazaheri, 2010;
Mathewson et al., 2011; Klimesch, 2012; Iemi et al., 2022). Within these
frameworks, it has been suggested that o rhythm determines the sam-
pling rate of perception and the length of the time window within which
two stimuli are temporally integrated (e.g., approximately 100 ms;
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Samaha and Postle, 2015).

Overall, however, it remains unclear how pre-stimulus activity
modulates performance in visual tasks. In particular, there is no
consensus on whether a activity modulates unconscious sensory pro-
cessing, aspects related to sensitivity or conscious access, or more gen-
eral aspects of task performance. Moreover, nearly all existing studies
have focused on very short-lived effects, in which pre-stimulus « activity
influences perception of brief, static, and near-threshold stimuli. This
approach cannot tell how long « activity can affect perceptual process-
ing as the effects can only be determined within these short time win-
dows. More importantly, tailored to isolate the role of a activity at a
single point in time, this approach also ignores the dynamic nature of
perception and the fact that the brain integrates information over hun-
dreds of milliseconds before a conscious percept of the stimulus emerges
(Sergent, 2018; Herzog et al., 2016, 2020).

To investigate the role of pre-stimulus a activity in long-lasting
feature integration, we used here the sequential metacontrast para-
digm (SQM; Otto et al., 2006; Otto et al., 2009). In the SQM, a central
line is followed by pairs of flanking lines. When the central line contains
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a vernier offset, the offset is perceived at all lines (Fig. 1A). If a second
offset, opposite to the central one, is later presented in the stream (the
anti-vernier, Fig. 1A), the two offsets integrate and neither can be
correctly reported. Critically, this integration occurs unconsciously and
lasts up to 450 ms (Drissi-Daoudi et al., 2019; Herzog et al., 2020). This
and similar long-lasting integration of visual features indicate that 1)
conscious perception is substantially delayed relative to pre-stimulus
brain activity, and that 2) unconscious integration can last much
longer than a single a cycle.

Therefore, it is unknown today how existing findings on the role of
pre-stimulus o rhythm in perception can generalize to the spatio-
temporal feature integration that occurs in the SQM, covering several
a cycles. One possibility is that a activity has no effect on this phe-
nomenon, which would subsequently also call into question the effects
observed on the integration of stimuli presented in periods of ~100 ms.
Alternatively, a activity exerts a particular influence during unconscious
processing, without being responsible for the integrative process per se.
Indeed, because feature integration has been shown to be mandatory in
the SQM (i.e., only the final integrated percept is accessible to con-
sciousness; Drissi-Daoudi et al., 2019, 2021), any modulation of
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performance related to a activity would imply an effect on how indi-
vidual visual elements are weighted during unconscious sensory pro-
cessing. One can also rule out the possibility that these effects act on
high-level aspects of performance, such as response strategies or confi-
dence, as there is no correct answer in the SQM when two opposite
vernier offsets are presented.

To address this question, we used electroencephalography re-
cordings (EEG) from previous work (Plomp et al., 2009). Participants
reported the perceived offset direction in the SQM with either a single
central vernier or this vernier and one anti-vernier (Fig 1B). Using the
trials with two opposite verniers, we extracted pre-stimulus a power and
phase in occipital electrodes where post-stimulus activity reflected the
greater dominance of the 1st or 2nd offset. We found that o power,
mediated by a slowing of the o frequency, affected the mutual perfor-
mance of the two verniers, which were temporally separated by more
than 100 ms. Thus, pre-stimulus « effects are not restricted to one cycle,
arguing against cycles as time-keeper (Kononowicz and van Wassen-
hove, 2016) or periodic sampling (VanRullen, 2016b). Furthermore,
given that feature integration in the SQM occurs before conscious
perception is elicited (Drissi-Daoudi et al., 2019), our results provide
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Fig. 1. A) In the sequential metacontrast paradigm (SQM), a central line is offset (i.e., a vernier) and is followed by a stream of lines that either contain only straight
lines or one line with an additional offset in the opposite direction of the central vernier offset (i.e., called an anti-vernier). The SQM starts at a random interval
(1250-1550 ms) after the presentation of a cue that directs attention to one of the two streams. Participants report the perceived offset at the end of the SQM (left vs.
right). When only the central line is offset (i.e., the V condition), the offset appears at all lines, and offset discrimination performance is high. In the condition with
two opposite verniers (i.e., the V-AV condition), the offsets cancel each other, and performance is around 50%. The yellow and blue verniers are used for illustrative
purposes only, as all elements presented were white on a black background. B) Behavioral results from Plomp et al. (2009). A dominance level above 50% (yellow
part of the graph) indicates that the central vernier offset dominates performance; a dominance level below 50% (blue part of the graph) indicates that the
anti-vernier offset dominates performance. Circles indicate individual performances. The error bars represent the confidence interval of the mean (CI).
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strong evidence that neural events in the a band are linked to mecha-
nisms regulating unconscious sensory processing and affecting the
relative weighting of individual features.

2. Methods
2.1. Participants, stimuli, and apparatus

We analyzed an existing dataset of EEG recordings with the SQM
(Plomp et al., 2009). The dataset includes high-density event-related
EEG from twelve healthy human participants. A detailed description of
the stimuli, apparatus, and EEG acquisition can be found in the original
manuscript (Plomp et al., 2009).

Participants were presented with a central offset line (i.e., a vernier)
followed by 4 pairs of lines, propagating on both sides (Fig. 1A). All pairs
of lines were straight except for the third pair, shown 110 ms after the
central vernier, which presented one straight line and one line with an
offset in the opposite direction to the central vernier offset (i.e., an anti-
vernier). The central line consisted of two segments of 10’ (arcminute)
length separated by a vertical gap of 1. The length of the first pair of
lines was 11.6’ and increased progressively by 1.6’ for the following
pairs. The horizontal distance from the center increased progressively by
3.2" with each pair of lines.

At the beginning of each trial, a cue indicated the relevant side (left
or right) of the stream that participants had to attend to. The cue was
presented at 0.5° above the location of the SQM and remained on screen
for the entire trial duration. After the onset of the cue, the central line
was presented at a random interval between 1250 and 1550 ms. In half
of the trials, participants attended to the stream containing the two
opposite vernier offsets.

Each element of the SQM was presented for 20 ms, with blank in-
tervals of 30 ms (between the central vernier and the first pair of lines)
and 20 ms (between all the other pairs). The total sequence lasted 190
ms. Participants had to report the perceived offset in the cued stream —i.
e., whether the lower segment was offset to the left or right compared to
the upper segment of the vernier. The size of the central vernier offset
was calibrated before the experiment to achieve 75% of discrimination
accuracy (mean size = 1.72; SD = 0.4), in the absence of an anti-
vernier. Similarly, the size of the anti-vernier was calibrated to ach-
ieve equal dominance when presented after the central vernier (mean
size = 0.83; SD = 0.22").

The main conditions of interest are referred to as vernier only (V
condition) when participants attended to a stream with no anti-vernier,
and vernier anti-vernier (V-AV condition) when participants attended to a
stream containing also an anti-vernier. The experiment consisted of 800
trials in total (10 blocks of 80 trials).

2.2. EEG preprocessing

Details on the raw EEG data can be found in the original manuscript
(Plomp et al., 2009). EEG data were preprocessed using Matlab (version
R2018b, The MathWorks Inc., Natick, USA) and EEGLAB (version
v2021.1; Delorme and Makeig, 2004; Delorme et al., 2011), using 160
out of 192 electrodes, according to the Biosemi standard 160 template.
Data were downsampled to 256 Hz and re-referenced to the robust
average reference using prepline (Bigdely-Shamlo et al., 2015), which
also provided an estimate of outlier electrodes (correlation criterion,
threshold of 0.2). Data were then detrended at <1 Hz (de Cheveigné and
Arzounian, 2018), epoched from —1.5 s to 1.5 s relative to the onset of
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the central vernier, and cleaned from line noise via spectrum interpo-
lation (Leske and Dalal, 2019). A two-step ICA (FastICA; Hyvarinen and
Oja, 2000) was used to reject bad epochs (pop_jointprob.m, global
threshold: all-electrodes grouped = 2 SD), and to isolate other physio-
logical artifacts. The “bad” independent components, labeled by
crossing machine-learning routines (MARA, Multiple Artifact Rejection
Algorithm in EEGLAB; Winkler et al., 2011, 2014) with the criterion of
>90% of total variance explained, were removed manually (Pascucci
et al., 2020). The “bad” electrodes were then interpolated using the
nearest-neighbor spline method and data were re-referenced again to
the average reference. In total, 4.68% of the electrodes were interpo-
lated, while 5.02% of the epochs and 20.31% of the independent com-
ponents were removed.

2.3. EEG decoding

We used linear discriminant analysis (LDA) to decode the reported
(and perceived) offset from the evoked EEG scalp topographies. We
implemented LDA with custom-made functions written in Matlab, based
on the recommended settings for EEG data (Subasi and Gursoy, 2010;
Grootswagers et al., 2017). A two-fold cross-validation routine was
reiterated 500 times, sampling 80% of the trials at each iteration and
combining them into pseudo-trials (an average of 8 trials each). Testing
and training sets were z-scored to the distribution of the training set and
the decoder weights were estimated using a regularized covariance
(Ledoit and Wolf, 2004; Haufe et al., 2014; Kayser et al., 2016). The
decoder weights from the training set were used to predict the classes
—i.e., the reported offset, from the EEG data in the testing set. The area
under the curve (AUC) was taken as the performance measure. This
procedure was performed for each time point, from —100 to 1000 ms,
using a sliding window of 17 samples which corresponds to a resolution
of 66.4 ms (Grootswagers et al., 2017). A surrogate performance metric
was also created by randomly shuffling the labels of the testing classes
and computing surrogate AUC values 1000 times.

In the main analysis, LDA was used to classify the reported offset in
trials where participants attended to the stream containing both the
vernier offsets (V-AV trials). The decoder discriminated whether par-
ticipants’ reports were related to the central vernier offset (1st reported
offset) or to the anti-vernier offset (2nd reported offset; Fig. 2A). As
control analyses, we followed the same procedure to discriminate re-
ports of the vernier offset in V trials (correct vs. incorrect; see Supple-
mentary Fig. 1A), as well as to discriminate correct reports in V trials
from reports of the 1st or 2nd offset in V-AV trials (Fig. 2B).

The statistical assessment of the decoding results was performed
using cluster-based permutation approaches and surrogate analysis
(Nichols and Holmes, 2002; Maris and Oostenveld, 2007; Kayser et al.,
2016). Clusters were defined as consecutive time points in which the
decoder results were significantly higher than chance (chance = 0.5,
paired t-test with @ = 0.05). The sum of t-values within each cluster was
then compared against the maximum of the sum obtained from surro-
gate clusters (number of permutations = 10,000). Significant time points
corresponded to clusters with a probability of <0.05 in the surrogate
data.

To identify electrodes sensitive to the difference between classes, we
estimated activation patterns from the LDA decoder (Haufe et al., 2014;
Grootswagers et al., 2017, 2018; Park and Kayser, 2019). After aver-
aging activation patterns across the significant decoder windows and
participants, we selected the electrodes whose absolute activation signal
was above the 95th quantile. The single-trial average activity in these
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electrodes (A11, A12, A23, A24, A25, A26, A27, A28) was then used for
time-frequency pre-stimulus analysis.

2.4. Time-frequency analysis

Focusing on the subset of electrodes derived from the LDA, a time-
frequency representation of the instantaneous power and phase was
obtained using the Morlet Wavelet Transform (width = 7; Tallon-Bau-
dry, 1999). The frequencies of interest (from 4 to 20 Hz in steps of 0.5)
corresponded to a wide range around the o band oscillations, in line with
previous studies (e.g., van Dijk et al., 2008; Busch et al., 2009). We
separately analyzed the power and phase in the pre-stimulus interval to
investigate their relationship with the reported offset in V-AV trials.

In the analysis of power, for each frequency and time point of interest
(from —500 to —100 ms), we applied a multilevel linear model (Fromer
et al., 2018) to predict fluctuations in pre-stimulus power as a function
of the reported offset (1st vs. 2nd). The model included an intercept and
the ‘report’ predictor as fixed effects, and a random intercept accounting
for inter-individual shifts in the average power level. The resulting
regression coefficients with related t-values and p-values, were stored in
a time-frequency matrix (see Fig. 3A). P-values in the time-frequency
matrix were corrected for multiple comparisons using the false discov-
ery rate method (FDR; Storey, 2002). We repeated the power analysis
with reports in the V trials (correct vs. incorrect; see Supplementary
Fig. 10).

In the analysis of phase, we followed the procedure suggested by
VanRullen (2016a): First, inter-trial phase coherence (ITC; also called
phase-locking factor) was computed to measure the phase synchroni-
zation across trials of each class (1st vs. 2nd reported offset) as well as
across all trials, independently of the class (Tallon-Baudry et al., 1996).
Second, the Phase Opposition Sum index (POS) was calculated to assess
whether the phase distribution across trials of each class was random,
phase-locked to the same angle, or to different angles (VanRullen,
2016a). Third, a non-parametric permutation procedure combining
permutation and z-score tests was performed to statistically evaluate the
POS index (VanRullen, 2016a). As a final step, p-values at each time and
frequency point were corrected for multiple comparisons using the false
discovery rate correction (FDR; Storey, 2002) and converted into
t-values.

Lastly, we investigated the relationship between the significant pre-
stimulus o cluster found in the power analysis (see Fig. 3A) and the
instantaneous o frequency, following the procedure proposed by Cohen
(2014). To estimate fluctuations of the instantaneous « frequency, the
signal was first bandpass filtered within the range of the significant
cluster found in pre-stimulus o power (10.5 to 12.5 Hz). Second, the
instantaneous phase angle over time was estimated using the Hilbert
transform and the instantaneous o frequency was derived from the time
rate at which the instantaneous phase angle changes (i.e., the temporal
derivate of the instantaneous Hilbert phase, scaled by the sampling rate
and 2*n). Third, as the noise in the phase angle time series might lead to
abrupt changes in its derivative, a median filter was additionally applied
to the instantaneous frequency estimate (10 equally spaced windows of
400 ms, see Cohen, 2014) and the instantaneous o frequency for each
subject was calculated from the estimated median instantaneous fre-
quency for all median-filter windows and all electrodes.

Driven by the results of the power analysis, we further explored,
post-hoc, differences in the instantaneous a frequency between trials
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with 1st vs. 2nd reported offset, using a cluster-based permutation test
(Nichols and Holmes, 2002; Maris and Oostenveld, 2007). Clusters were
defined as consecutive time points in which the difference between the
two conditions was significantly different from O (paired t-test with o« =
0.05; see Fig. 4A). Using RStudio 2022.02.0 (R Core Team, 2022), a
mediation analysis was also performed to determine whether instanta-
neous o frequency (converted into z-scores) mediates the relationships
between pre-stimulus o power (linearized with log-transformation and
converted into z-score) and reported offset (1st vs. 2nd; see Fig. 4B). To
this end, a general linear model was first applied to compute the total
effect of pre-stimulus o power on the reports. Second, a linear regression
was performed to examine the relationship between a power and
instantaneous a frequency. Third, to confirm the mediating role of
instantaneous o frequency, we applied a general linear model while
controlling for a power. The R package "medflex" was used to estimate
direct and indirect effects (Steen et al., 2017).

3. Results

In the V-AV condition of the SQM, two opposite vernier offsets are
integrated and only a small offset or no offset is consciously perceived
(Fig. 1B). Even though participants show a slight dominance in their
responses for the first or second vernier, integration still occurs uncon-
sciously, i.e., the verniers cannot be reported separately (Herzog et al.,
2016; Drissi-Daoudi et al., 2019).

As mentioned earlier, we focused on the analysis of EEG data in V-AV
trials, following two steps. First, we used a linear classifier to decode the
offset reported in V-AV trials from post-stimulus EEG activity. Second,
we looked at the influence of pre-stimulus oscillations on the SQM,
focusing on the most relevant electrodes from the decoder results. All
analyses were time-locked to the onset of the SQM, i.e., the presentation
of the central vernier. Because of the long interval between cue and SQM
onset (1250-1550 ms), it is unlikely that our pre-stimulus windows are
contaminated by cue-related neural responses.

3.1. Decoding the reported offset from post-stimulus EEG activity

We used LDA to decode V-AV trials where participants reported the
1st (central vernier) or the 2nd (anti-vernier) offset (see Methods). The
LDA successfully discriminated the reported offset in a time window
from 340 ms to 960 ms after the onset of the SQM (cluster-based per-
mutation test, p < .05, Cohen’s d = 2.26; Fig. 2A). The decoder topog-
raphy (e.g., the activation patterns; Haufe et al., 2014) revealed a
stronger contribution of posterior electrodes throughout the entire sig-
nificant window (Fig. 2D). Hence, post-stimulus EEG activity patterns
discriminated whether participants reported the 1st or 2nd offset, well
before the actual behavioral report (averaged reaction times in V-AV
trials = 899 ms).

As a control, we obtained similar decoding results when LDA clas-
sified the correct reports of the central vernier offset in V trials (i.e.,
trials with only the central vernier offset) from the reports of the 2nd
offset in V-AV trials (cluster-based permutation test, p < .05, Cohen’s d
= 1.81; Fig. 2B). Conversely, LDA was unable to discriminate the correct
reports in V trials from the reports of the 1st offset in V-AV trials
(Fig. 2B), indicating that the decoder results were largely driven by the
presence, and report, of the anti-vernier.
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Fig. 2. A) EEG decoding results in V-AV trials. LDA discriminates the reported offset above chance (1st or 2nd; group average AUC and 95% CI). Significant time
windows are highlighted by the black horizontal lines (AUC above 0.5, cluster-based permutation test, p < .05, Cohen’s d = 2.26). B) EEG decoding results in V-AV vs.
V trials. LDA successfully discriminates the report of the 2nd offset in V-AV trials from the correct report of the central vernier offset in V trials (in blue, group average
AUC and 95% CI). Significant time windows are highlighted by the blue line (AUC above 0.5, cluster-based permutation test, p < .05, Cohen’s d = 1.81). In contrast,
LDA was unable to discriminate the report of the 1st offset in V-AV trials from the correct report of the central vernier offset in V trials (in yellow, group average AUC
and 95% CI). C) Activation patterns derived from the decoding results in V-AV trials for each electrode, averaged across participants. The significant time window is
indicated by a black rectangle. D) Topography of the activation patterns derived from the decoding results in V-AV trials, averaged across the entire significant
window and participants. Sections and letters indicate the standard Biosemi 160-electrode arrangement. Asterisks show the subset of electrodes whose absolute
activation is above the 95th quantile.
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3.2. Pre-stimulus a oscillations influence the reported offset

In the second step, we focused on the subset of occipital electrodes
showing larger discriminant post-stimulus activity (Fig. 2D). We inves-
tigated whether the activity at these electrodes can also affect the re-
ported percept before the stimulus has even occurred. To this aim, we
compared pre-stimulus spectral power and phase between V-AV trials in
which participants reported the 1st or 2nd vernier offset.

In the analysis of pre-stimulus power, a multilevel linear model (see
Methods) revealed a significant effect in the o range (10.5 to 12.5 Hz)
with a peak around —350 ms (from —456 to —260 ms). This effect was
consistent with an increase in pre-stimulus o« power when participants
reported the 1st vernier offset (Fig. 3A). Because pre-stimulus a activity
is known to change over the course of an experiment (Benwell et al.,
2019), we confirmed the results also after controlling for trial order (see
Supplementary Material). Moreover, this effect only occurred in V-AV
trials where participants attended to the stream with both the central
vernier and the anti-vernier. No relationship between o power and the
reports was evident in V trials, i.e., trials where no anti-vernier was
presented (see Supplementary Fig. 1C).

At the pre-stimulus latencies of this effect (Fig. 3A), there was a clear
increase in o power when the 1st vernier offset was reported, and a clear
reduction when the 2nd offset was reported (Fig. 3C, t(11) = 3.75,p =
.003, Cohen’s d = 1.08, 95% CI (0.04, 0.17)). The topographies of the
effect revealed a marked increase in o power at occipital sites when the
1st offset was reported (Fig. 3D).

In the analysis of pre-stimulus phase, the POS (see Methods) revealed
no consistent phase-locking opposition as a function of the reported

) Pre-stimulus power in V-AV (power ~ reported offset)

Frequency (Hz)
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Time (ms)

Power change in a cluster

O
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Relative power change
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offset —i.e., differences in pre-stimulus phase, at any frequency, were
unrelated to the final report (Fig. 3B).

3.3. Power increases are followed by the slowing of a rhythm

Our analysis of pre-stimulus power revealed effects in the o band
from ~300 ms before the SQM. Since previous studies have shown that
changes in «a activity affect perception of brief stimuli occurring imme-
diately after or within short time scales (Busch et al., 2009), it is unclear
how these peaks far back in time can influence processing in the SQM.
One possibility is that a peaks produce longer-lasting changes in neural
activity that are not limited to the peak itself but, in this paradigm,
extended to the beginning of the SQM and influenced how the 1st ver-
nier was processed and integrated into the stream. Several studies have
shown that increases in a power are followed by the slowing of the «
rhythm, which may eventually provide longer periods of reduced inhi-
bition of sensory input (Atallah and Scanziani, 2009; Himmelstoss et al.,
2015; Samaha and Postle, 2015; Klimesch, 2018; Sharp et al., 2022). If
this were the case, trials where participants reported the 1st offset
should exhibit a slowing of the a frequency at the beginning of the
stream, compared to trials on which participants reported the 2nd offset.
We explored this possibility with a post-hoc analysis, by estimating the
instantaneous o frequency with the method proposed by Cohen (2014;
see Methods). The EEG signal at the occipital electrodes selected for the
pre-stimulus analysis (see “Pre-stimulus o oscillations influence the re-
ported offset™) was first filtered in the 10.5-12.5 Hz band, corresponding
to the significant band of o power effects found (Fig. 3A). We then
computed the instantaneous o frequency in a time window covering
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T-Value
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Fig. 3. A) Pre-stimulus power analysis in V-AV trials. Results from the linear mixed model predicting the relationship between pre-stimulus EEG power and the
reported offset (1st or 2nd). A significant cluster in the o band is highlighted by the black line (p < .05, FDR). B) Pre-stimulus phase analysis in V-AV trials. Phase
Opposition Sum index (POS) evaluates the relationship between phase distribution and the reported offset (1st or 2nd). No significant effect was found (permutation
and z-score tests, p < .05, FDR). C) Power change in the significant pre-stimulus power cluster as a function of the reported offset. Power changes are computed
relative to the mean power across all trials in V-AV trials. The asterisk indicates a significant difference (p = .003, Cohen’s d = 1.08). Circles indicate individual
power change. The error bars represent the confidence interval of the mean (CI). D) Topographies of the significant pre-stimulus power cluster as a function of the
reported offset and topography of power differences (1st reported offset minus 2nd reported offset).
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frequency
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Direct effect: 8 = .04, p = .13; Indirect effect: 8 = .01, p = .01

Fig. 4. A) Instantaneous « frequency in V-AV trials as a function of the reported offset (1st vs. 2nd; respectively in yellow and blue, 95% CI). Significant differences
are highlighted by the black line (cluster-based permutation test, p < .05, Cohen’s d = 1.25). The time window of the significant pre-stimulus o cluster is indicated by
the gray-shaded area. B) Mediation analysis. Instantaneous « frequency fully mediates the relationship between a power and reported offset (1st vs. 2nd; Indirect

effect: f = 0.01 &+ 0.004, p = .01).

both pre- and post-stimulus intervals and compared V-AV trials in which
participants reported the 1st or the 2nd vernier offset. The results of this
analysis revealed a significant difference in instantaneous a frequency
from —230 ms before to 168 ms after the SQM onset (cluster-based
permutation test, p < .05, Cohen’s d = 1.25; Fig. 4A), with a lower
frequency around the time of stimulus presentation when the 1st offset
was reported. Note that the instantaneous o frequency can be
confounded by differences in the slope of the power spectrum (1/f ac-
tivity; Samaha and Cohen, 2022). That is, when 1/f activity is high and a
power is low, the method of frequency sliding can underestimate the
true frequency of the signal. This confound, however, cannot be the
cause of our results, since we found that the instantaneous « frequency
decreases, rather than increases, hundreds of milliseconds after « rises in
power. Additional analysis correcting for 1/f activity further confirmed
this finding (see Supplementary Fig. 2).

To disentangle whether the pre-stimulus a power effect on partici-
pants’ reports was mediated by the slowing of the o rhythm and not the
main cause, we next performed a mediation analysis (see Fig. 4B), with
single-trial a power as the independent variable, the single-trial
instantaneous a frequency in the significant time window as the medi-
ator, and the participants report as the dependent variable (1st or 2nd
offset; see Methods for the details on the mediation model). This analysis
confirmed that increases in pre-stimulus a power were followed by de-
creases in the instantaneous a frequency (f = —0.16 + 0.01, p < .0001),
and that the instantaneous o frequency fully mediated the relationship
between pre-stimulus o power and reported offsets (Indirect Effect:
f =0.01 + 0.004, p = 0.01). While lower instantaneous a frequency
increases the probability of reporting the 1st vernier offset (p = —0.08
+0.03, p=0.01), o power effects are no longer significant when
mediated by the instantaneous o frequency variable (p = 0.04 & 0.03, p
=.13). It may be argued that o power and frequency slowing reflect the
same process, thus, the mediation results would only be redundant.
However, even though o power was a strong predictor of the subsequent
frequency slowing, not all the variance in one variable was explained by
the other (R? of a model predicting instantaneous a frequency with o
power = 0.02, F(1,4575) = 117.7, p < .0001). Hence, trial-by-trial
fluctuations in o power and instantaneous frequency could still be
informative in the context of mediation analysis.

4. Discussion

In this study, we investigated the role of pre-stimulus a rhythm
during long-lasting feature integration. We analyzed EEG recordings
during the SQM paradigm, where two vernier offsets embedded in a
rapid stream of lines are integrated into a single percept (Otto et al.,
2006; Otto et al., 2009). A two-step procedure was followed for the
analyses. First, using a linear classifier we decoded the offset that par-
ticipants reported in trials with two opposite vernier offsets. This
revealed topographies and electrodes where post-stimulus activity re-
flected the dominance of the 1st or 2nd vernier in the final conscious

percept, needed to confirm that feature integration in the SQM is not
always uniform. Second, we analyzed pre-stimulus activity at these
specific electrodes, covering the occipital area.

We found that pre-stimulus a power, but not phase, can influence the
unconscious processing of two opposite vernier offsets in the SQM
stream. Higher pre-stimulus o power, occurring even 300 ms before the
stimulus, leads to more responses related to the central vernier offset,
while lower power leads to more responses related to the anti-vernier
offset. These peaks in o power are followed by a relatively long-lasting
slowing of the a frequency, extending to the beginning of the SQM,
and likely providing longer windows of reduced inhibition that
increased the contribution of the 1st vernier in the unconscious inte-
gration process. Because the two verniers integrate before a conscious
percept is elicited (Drissi-Daoudi et al., 2019), our findings indicate that
pre-stimulus o power affects the relative weighting of individual fea-
tures during unconscious feature integration.

Our findings are important for two main reasons. First, we show that
the percept resulting from the long-lasting unconscious feature inte-
gration of the SQM can be decoded from post-stimulus EEG activity.
Second, we demonstrate that pre-stimulus brain activity can affect un-
conscious feature integration not simply because of a transitory event (e.
g., a peak in power) but as a result of a cascade of neural changes.

As for the first point, previous research has shown that differences
between trials with a single vernier (V trials) or two opposite verniers
(V-AV trials) become evident only during later stages of decision-making
and response-related processing (e.g., from around 650 to 250 ms before
the motor response), suggesting that feature integration is a top-down
process and the resulting conscious percept is timed endogenously
(Plomp et al., 2009). Here, we found that the dominance of one of the
two vernier offsets in V-AV trials is reflected by neural activity patterns
timed to the stimulus and well before the response. Using a linear
classifier, we showed that post-stimulus EEG activity discriminates
whether participants will report the offset of the central vernier or the
one of the anti-vernier. The reported offset was decodable from around
350 milliseconds after the stimulus onset (Fig. 2A), with a strong
contribution from occipital electrodes (Fig. 2C/D), likely reflecting
ongoing visual processing before the final integrated conscious percept
emerges. Importantly, the power of a thythm at the same electrodes was
predictive of the reported offset already hundreds of milliseconds before
the stimulus was even presented (Fig. 3A).

As for the second point, pre-stimulus modulations of a power, which
generally coincide with attention, task engagement, and vigilance
(Sauseng et al., 2005; Kelly et al., 2006; Samaha et al., 2016), have been
linked to various phenomena in perception, including changes in visual
sensitivity (Briiers and VanRullen, 2018; Zhou et al., 2021; Michail et al.,
2022) and modulations of high-level aspects of performance such as
response criterion (Limbach and Corballis, 2016), perceptual awareness
(Benwell et al., 2017), or subjective confidence (Samaha et al., 2017).
However, these effects cannot explain why higher pre-stimulus o power
leads to more reports of the first vernier offset in the SQM. In this
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paradigm, the integration of the two offsets is mandatory and occurs
before conscious awareness. Even when participants are informed about
the paradigm and the number of verniers presented, they are unable to
segregate two verniers separated by 330 ms, i.e., they cannot report the
vernier offsets independently, for example, one by one (Drissi-Daoudi
et al., 2019). Additionally, there are no correct responses in V-AV trials,
thus, shifts in response criterion or subjective confidence cannot affect
performance. Participants exhibit chance performance on average,
which is solely attributed to the presentation of both the vernier and the
anti-vernier within the same stream (Otto et al., 2010).

On the other hand, several studies have shown that a phase can be
linked to two aspects of perception: periodic cycles of perceptual pro-
cessing and temporal windows of integration (Wutz et al., 2014; Van-
Rullen, 2016b; Ronconi et al., 2017; Fakche and Dugué, 2022). First,
periodic cycles in perception suggest that the phase of an a cycle de-
termines the probability of detecting a visual stimulus, with stimuli at
optimal phases leading to higher hit rates and those at opposite phases
leading to higher miss rates (Busch et al., 2009; Mathewson et al., 2009).
Second, temporal integration windows suggest that integration is con-
strained within a cycle of a activity, with integration occurring only
when two stimuli fall within the same o cycle (Varela et al., 1981;
VanRullen, 2016b; Lundqvist and Wutz, 2022). However, we did not
find a systematic relationship between o phase and the reported offset in
the SQM (Fig. 3B). These findings add to the ongoing debate about the
generalizability and robustness of phase effects in perception (Ruzzoli
et al., 2019; Benwell et al., 2022; Keitel et al., 2022). In addition, the
long-lasting integration in the SQM extends beyond three a cycles
(Drissi-Daoudi et al., 2019), making it incompatible with windows
lasting only a single o cycle. We have recently pointed out that clear
links between o effects and specific aspects of perception need to be
established, notably whether a activity affects the content or the tem-
poral structure of consciousness (Menétrey et al., 2022). Here, we sug-
gest that a activity modulates sensory representation (Zhou et al., 2021)
during unconscious processing, without being involved in sampling or
integration per se.

Our results demonstrate that neither the phase nor changes in the
power alone can explain the influence of pre-stimulus a activity in long-
lasting feature integration. Indeed, our results indicate that the effect of
a power was mediated by a subtle but significant decrease in the
instantaneous o frequency when the 1st vernier was reported. This
finding is in line with evidence that peaks in « power mark the beginning
of a cascade of neural changes, leading to the temporary slowing of «
oscillations (Klimesch, 2018). Slower a rhythm might lengthen the ‘duty
cycle’ (Peylo et al., 2021), or the excitatory part of a neural oscillation’s
cycle, which in our paradigm, may have overlapped with the time of the
central vernier, leading to its enhanced processing and dominance in
feature integration. Thus, slower a frequencies facilitate the respon-
siveness of neurons to weak or brief stimuli, whereas faster a frequencies
offer greater precision but neurons are less readily triggered (Cohen,
2014). This process may occur over longer time scales, explaining why
the effects of « phase and power are often found well before the stimulus
onset and persist beyond a single « cycle (e.g., Busch et al., 2009; Zazio
et al., 2022). These results, obtained with visual stimuli only, add to
other findings demonstrating that pre-stimulus a activity predisposes
perceptual integration in multisensory paradigms (Leonardelli et al.,
2015; London et al., 2022).

A potential limitation of this work is the small sample size, due to the
sample collected in the original study (Plomp et al., 2009). Nevertheless,
the large effect size reported in the effect of pre-stimulus o power (e.g.,
Cohen’s d = 1.08), even if with only twelve participants, sets a prom-
ising starting point for future research.

Lastly, a key question is whether these changes in o power, which
eventually lead to the slowing of the a rhythm, reflect purely sponta-
neous fluctuations or events induced by other factors, such as modula-
tions of attention and expectations (Bauer et al., 2014; Sanders et al.,
2014; Cao et al., 2017; Michalareas et al., 2016; Grabot et al., 2021). For
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instance, participants may have expected to see an offset from the
beginning of the stream, because they can easily see it in half of the trials
(V condition). Hence, in some trials they may have focused more on the
central offset, enabling pre-stimulus attentional mechanisms to inhibit
the motion stream (Sauseng et al., 2005; Thut, 2006; Foxe and Snyder,
2011; Pascucci et al., 2018; Pagnotta et al., 2020, 2022). Predictive
coding frameworks also propose that perception is a process of inference
that combines bottom-up sensory inputs and top-down expectations
(Friston, 2005). According to this perspective, expectations can generate
pre-activations of stimulus representations (Kok et al., 2017), which
ultimately exert an influence on sensory processing (Kok et al., 2012) or
decision-making (Hesselmann et al., 2008a, 2008b). Notably, these ef-
fects may be implemented via top-down signals in the a band (Peylo
et al., 2021). Alternatively, a recent view proposes a relationship be-
tween o power and oculomotor control, in which high o power corre-
sponds to reduced gaze variability (Jensen et al., 2021; Popov et al.,
2021; Pan et al., 2022). Under this view, one can also hypothesize that
the increases in pre-stimulus a power were due to a decreased tendency
to saccade towards the cued side of the stream.

5. Conclusion

To make sense of the dynamic world around us, the brain must
integrate visual information over hundreds of milliseconds. Motion
perception is just one example. Here, we show that modulations of o
activity can induce long-lasting changes in neural activity that affect the
way visual features are integrated into the conscious percept. In
particular, we found that pre-stimulus o power can affect feature inte-
gration over long windows of time. We did not find any phase effects in
this integration process. We propose that o power increases lead to a
transient lengthening of the duty cycles in subsequent a cycles, thus,
enhancing the representation of the central vernier offset in the inte-
grated percept. These findings illustrate the existence of flexible and
cascade-like mechanisms governed by « activity that can influence the
relative contribution of features in a stream. In addition, they provide
support for a role of a activity in determining the unconscious processing
of features before the conscious percept emerges, rather than simply
modulating the perception of a static stimulus.
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