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Incoming sensory input is condensed by our perceptual system
to optimally represent and store information. In the temporal
domain, this process has been described in terms of temporal
windows (TWs) of integration/segregation, in which the phase of
ongoing neural oscillations determines whether two stimuli are
integrated into a single percept or segregated into separate events.
However, TWs can vary substantially, raising the question of whether
different TWs map onto unique oscillations or, rather, reflect a single,
general fluctuation in cortical excitability (e.g., in the alpha band). We
used multivariate decoding of electroencephalography (EEG) data to
investigate perception of stimuli that either repeated in the same
location (two-flash fusion) or moved in space (apparent motion). By
manipulating the interstimulus interval (ISI), we created bistable
stimuli that caused subjects to perceive either integration (fusion/
apparent motion) or segregation (two unrelated flashes). Training a
classifier searchlight on the whole channels/frequencies/times space,
we found that the perceptual outcome (integration vs. segregation)
could be reliably decoded from the phase of prestimulus oscillations
in right parieto-occipital channels. The highest decoding accuracy for
the two-flash fusion task (ISI = 40 ms) was evident in the phase of
alpha oscillations (8–10 Hz), while the highest decoding accuracy for
the apparent motion task (ISI = 120 ms) was evident in the phase of
theta oscillations (6–7 Hz). These results reveal a precise relationship
between specific TW durations and specific oscillations. Such oscilla-
tions at different frequencies may provide a hierarchical framework
for the temporal organization of perception.
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Perception has the primary role of reducing the complexity of
our environment, since sensory inputs cannot be processed

with zero lag in an analog fashion. In the temporal domain, this
is demonstrated by many examples whereby stimuli presented at
specific temporal delays are sometimes faithfully perceived as
separate entities, while they are integrated into a unified or
“average” percept in other situations. For example, two flashes
separated by a brief temporal delay of about ∼30–40 ms are
often perceived as a single flash (1). Similarly, in the perception
of apparent motion (2), two stimuli flashed in different spatial
locations are often perceived as a single, continuously moving
stimulus over a period of hundreds of milliseconds (3). Likewise,
in forward- and backward-masking paradigms, a target and mask
stimulus may be combined into a single percept, hiding the tar-
get, even when separated by around 100 ms (4).
A long-standing hypothesis is that whether two stimuli are

integrated or not depends on whether they fall within the same
cycle of a neural oscillation (5–8). More recently, the phase of
ongoing neural oscillations, especially in the theta and alpha
bands (5–7 Hz and 8–12 Hz, respectively), has been found to be
related to trial-by-trial fluctuations in threshold-level perception
in the visual [theta (9–12) and alpha (9, 10, 13, 14)] and auditory
[theta (15) and alpha (16)] domains. However, there is evidence
that prestimulus oscillations do not only influence processing of
near-threshold stimuli. The oscillatory phase also predicts re-
action times [alpha (17, 18) and alpha/lower beta (19)] and is
linked to spatial attention [theta (20–22) and beta (23)]. Moreover,
the phase of oscillations in the time period before the stimulus

onset is correlated to large-scale signatures of stimulus processing,
such as event-related potentials (ERPs), BOLD response, and
connectivity [theta (12) and alpha (24–26)]. These findings con-
nect to the idea that the phase of neural oscillations reflects the
rapid time-scale modulation of cortical excitability (27, reviewed in
refs. 28–31). Accordingly, studies in nonhuman primates show that
spikes in sensory areas are more likely to occur at a specific phase
of the local field potential oscillations relative to the opposite
phase (32, 33).
There is some preliminary support for the idea that temporal

segregation/integration of visual stimuli depends on oscillatory
phase (8, 34–37). However, as mentioned above, there are
multiple temporal windows (TWs) in perception, ranging from
tens of milliseconds (1) to 80–120 ms (3, 35), to a few hundred
milliseconds (38), up to a TW of around 2 s (39–43).
Here, we tested whether the TWs of different length reported

in the literature map onto a single oscillatory frequency band,
such as the fluctuation in cortical excitability linked to alpha (28–
31) or, rather, would be mapped into different, specific oscilla-
tory rhythms. In theory, such a hierarchy of TWs could help to
mask the presence of perceptual samples/cycles, which is im-
portant, given that the presence of discrete windows in sensory
processing does not mean that conscious perception is typically
discontinuous (44–46). To accomplish this goal, we measured
electroencephalography (EEG) activity while subjects were
performing a temporal integration/segregation task involving two
different TWs. Then, we applied multivariate decoding analysis
to test whether the perceptual outcome of a single trial could be
predicted from the phase of the ongoing oscillations and whether
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the frequency of these oscillations changed as a function of the
TW size.
On each trial (Fig. 1), we presented two suprathreshold flashes

that could appear randomly in the left or right visual hemifield
and either repeated in the same position (two-flash fusion con-
dition) or appeared in a different position (apparent motion
condition), with these two conditions randomly intermixed
across trials. We manipulated the interstimulus interval (ISI)
between the two flashes in a way that induced a bistable per-
ception for both types of visual discrimination, so that subjects
integrated (fusion or apparent motion) or segregated (two dis-
tinct flashes in the same position or in different positions) the
two visual stimuli in about half of the trials. We then used a naive
Bayes classifier searchlight on the whole channels/frequencies/
times space to decode the perceptual interpretation of this bistable
stimulus (segregation vs. integration) from the phase of ongoing
oscillations on a trial-by-trial basis, confirming these results
also with a more traditional phase-bifurcation analysis (9).

Results
Perceptual Outcome. Perceptual judgments of the stimuli, appear-
ing randomly in the left or right visual hemifield, were almost
perfectly bistable in both types of trial (two-flash fusion and ap-
parent motion), which were randomly intermixed during the
course of the experiment (Methods). Participants (n = 27) per-
ceived two distinct flashes on average on 47.2% (SD = 13%) of
trials in the two-flash fusion condition and 49.6% (SD = 14%) of
trials in the apparent motion condition. The two trial types did
not differ significantly in the rate of segregation/integration trials
[t(26) = −0.7, P = 0.49]. These results suggest that ISI values
employed here, which were chosen based on extensive pilot test-
ing, effectively caused the two stimuli to be integrated on about
half of the trials.

ERPs of Perceptual Integration vs. Segregation in the Poststimulus Period.
First, electrophysiological signatures of integration and segregation
of the two flashes in the poststimulus period were assessed by ana-
lyzing the mean amplitude of the P1 and N1 ERP components
locked to the onset of the first stimulus. A 2 (outcomes: segregation
vs. integration) × 2 (hemifields: left vs. right) × 2 [regions of interest
(ROIs): left parieto-occipital vs. right parieto-occipital channels]

repeated-measure ANOVA on the N1 mean amplitude in the two-
flash fusion condition revealed a main effect of ROIs [F(1,26) = 26.42,
P < 0.001] and outcomes [F(1,26) = 17.15, P < 0.001] and, impor-
tantly, an outcomes × ROIs interaction [F(1,26) = 10.73, P = 0.003].
This two-way interaction, when further explored with post hoc
comparisons (two-tailed t tests) revealed a more negative N1 mean
amplitude in the segregation trials (i.e., two flashes perceived in the
same position) for electrodes that were contralateral to the stimulus
presentation [t(26) = −4.89, P < 0.001] (Fig. 2). For the similar
ANOVA performed on the N1 mean amplitude elicited in the ap-
parent motion condition, the main effect of hemifield [F(1,26) = 28.94,
P < 0.001] and the hemifields × ROIs interaction [F(1,26) = 6.23,
P = 0.019] were found to be significant. Importantly, a hemifields ×
outcomes interaction was also significant [F(1,26) = 4.83, P = 0.037].
When explored with post hoc tests, this interaction revealed a more
negative N1 amplitude for segregation trials (i.e., two flashes per-
ceived in different positions) only for stimuli displayed in the left
[t(26) = −2.61, P = 0.015], but not right [t(26) = −0.49, P = 0.63],
visual hemifield. The same ANOVA on the P1 mean amplitude
did not reveal any significant effects.

Decoding Segregation vs. Integration from Single-Trial Phase Information
in the Prestimulus Period. The main analysis involved determining
whether prestimulus phase information could predict perceptual
outcome in the two bistable stimulus conditions. The decoding ac-
curacy for the different perceptual outcomes obtained with the naive
Bayes classifier searchlight performed on single-trial phase values is
shown in Fig. 3A and B. The highest decoding accuracy was found in
right posterior parietal channels for both experimental conditions
(maximum effects were observed for channels P6, P8, PO8, and O2;
Fig. 3 A and B). Cluster-corrected permutation tests revealed, how-
ever, that the time/frequency region in which the maximum decoding
accuracy was observed was different between the two-flash fusion

Fig. 1. Schematic representation of the task procedure with the two dif-
ferent types of trial employed. The two types of bistable stimuli used in the
present study could appear randomly in the left or right visual hemifield.
The stimuli were physically always the same, but their perceptual in-
terpretation varied such that participants perceived one single flash (static or
moving) in about half of the trials and they perceived two different flashes
(in the same or different positions) in the other half.

Fig. 2. Poststimulus neurophysiological signatures of integration/segrega-
tion over different TWs. ERPs locked to the onset of the first stimulus are
shown for the two experimental conditions as a function of the stimulus
presentation hemifield for the two-flash fusion trials (Upper) and the ap-
parent motion trials (Lower). (Insets) Topographical maps depict the cluster
of channels used for the analysis. The horizontal gray bar in the bottom part
of each plot represents the time window used for the analysis of the
N1 component (range: 180–220 ms).

2 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1714522114 Ronconi et al.

www.pnas.org/cgi/doi/10.1073/pnas.1714522114


condition and the apparent motion condition. Indeed, the highest
decoding accuracy in predicting subjects’ perceptual outcome from
the phase of prestimulus oscillation in the two-flash fusion task was
found for frequencies spanning predominantly the alpha band (∼8–
10 Hz) and around −400/−300 ms relative to the onset of the first

stimulus (Fig. 3A; group average maximum decoding accuracy was
observed in channel P6, mean = 52.88%, SD = 3.83). On the con-
trary, the highest decoding accuracy in predicting the perceptual
outcome for the apparent motion condition was found for frequen-
cies spanning predominantly the upper theta band (∼6–7 Hz) at

Fig. 3. Prestimulus/ongoing phase at different oscillatory rhythms predicts the temporal integration/segregation over different TWs. (A and B) Time fre-
quency plots showing phase-decoding accuracy obtained with a naive Bayes classifier searchlight for the two types of trial (randomly appearing in the left or
right visual hemifield). Color-coded t values represent the group-level difference against the chance level (50% decoding accuracy) as a function of the type of
trial. The outlined areas of the plots delimit the intersection of time/frequency points in which a significant difference was obtained, with cluster-corrected
permutation tests in the four right parieto-occipital channels showing maximum decoding accuracy (the channels are highlighted in the topographical maps
above the time/frequency plots). (C and D) PBI data in which color-coded t values represent the group-level differences against PBI = 0 (no phase opposition).
Also, in this case, the intersection of significant time/frequency points is outlined. (E and F) Phase-angle data averaged across trials and participants as a
function of the perceptual outcome reported, which was either segregation (two flashes in the same or different positions) or integration (one single or
moving flash). (G) Histogram showing the percentage of data points with a decoding accuracy significantly above chance for the entire time period of interest
(−600/0 ms relative to the stimulus onset), expressed in terms of the number of cycles before the stimulus onset as a function of frequency. Note that the plots
in all panels (except H) are related to the same right parieto-occipital cluster of channels showing the highest decoding accuracy in the prestimulus period. (H)
Area plot showing the percentage of data points for the two types of trials showing a decoding accuracy significantly above chance in the entire time period
of interest (−600/0 ms) as a function of frequency (on a logarithmic scale) in all EEG channels recorded.
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around −500/−400 ms relative to the onset of the first stimulus
(Fig. 3B; group average maximum decoding accuracy was observed
in channel O2, mean = 53.17%, SD = 4.75). This pattern of results
was not limited to the right parieto-occipital channels, but was a
general pattern emerging also when looking at all recorded chan-
nels (Fig. 3H).
To control that these time/frequency effects were not contami-

nated by poststimulus ERP, we ran a simulation in which we applied
a time/frequency transformation to a synthetic signal (i.e., sinusoidal
wave mimicking an ERP with an onset time of 0 ms). As explained
by Tallon-Baudry et al. (47), to determine the extent of temporal
contamination caused by the wavelet, we calculated for each fre-
quency the wavelet’s temporal resolution σt, which is defined as twice
the SD of the Gaussian envelope at a particular frequency. Using the
same parameters that we used for our wavelet analysis (Methods), we
found that the earliest contamination from poststimulus data points
was at −210 ms for a signal at 5 Hz (i.e., the lowest frequency that
was taken into account in our study). Since our significant results
were found outside this time/frequency limit, we can be confident
that no contamination from poststimulus data was present (Fig. S1).
Moreover, as evident in the histogram in Fig. 3G, when equating

the time and frequency information and expressing the decoding
accuracy instead in terms of number of cycles before the stimulus
onset in which the ongoing phase was predictive of the perceptual
outcome, we find substantial overlap between the two distributions.
Most of the time/frequency points showing significantly accurate
phase decoding were concentrated at around three cycles before the
stimulus onset, a result that is examined further in Discussion.
Confirmation of these findings was also evident when looking at

the results of the phase bifurcation index (PBI) (9) analyses (Fig. 3
C and D), where differences in phase were evaluated based on the
intertrial coherence of the two different groups of trials (segre-
gation vs. integration) as described inMethods. In the same cluster
of channels, we found comparable results, with a PBI that was
significantly above 0 (meaning significant phase opposition/
difference between the two possible perceptual outcomes: segre-
gation vs. integration) for time/frequency points that substantially
overlapped those found with the naive Bayes classifier searchlight.
Again, the two-flash trials showed significant results in the alpha
range and apparent motion in the phase of the theta band.
It is worth noting that the analyses conducted so far are in-

appropriate for revealing effects that would systematically occur
contralateral (or, possibly, ipsilateral) to the stimulus. This is
because, for any EEG channel, these potential lateralized effects
would only be present on half of the trials (when the stimulus is
on the contralateral side). To overcome this issue, we performed
a complementary analysis that involved “mirroring” all channels
on half of the trials. Specifically, we mirrored channels for all
trials containing stimuli appearing on the right hemifield. In this
way, the effects that systematically occur contralaterally would
map on the right electrodes and the ipsilateral effects would map
on the left electrodes. We performed the same phase-decoding
analyses described above, but no significant results emerged
(two-flash fusion trials: all corrected P > 0.142, apparent motion
trials: all corrected P > 0.099; Fig. S2).
Lastly, we ran a naive Bayes classifier searchlight on single-trial

power values to check whether difference in power could partially
explain the differences in the phase-decoding accuracy found for
two-flash fusion and apparent motion trials. Results revealed only
small differences in power in the cluster of right parieto-occipital
channels, where phase-related differences emerged, which, im-
portantly, did not overlap with the differences that emerged from
the phase-decoding analysis (Fig. S3). This result confirms that
phase-related differences were independent of power-related dif-
ferences present in the ongoing oscillations.

Discussion
Perception simplifies the nature of the incoming sensory input in
many different ways, such that information can be represented
and stored in an optimized but more abstracted format. This
process is well studied in the spatial domain (48, 49), but the way
in which information is grouped together in the temporal domain
is less clear. In the present study, we took advantage of different
analysis methods, particularly of single-trial, multivariate EEG
decoding of the subjects’ perceptual outcome, to understand the
relationship between the phase of the ongoing neural oscillation
and temporal integration/segregation of stimuli over different
TWs. Indeed, mounting evidence shows that the ongoing oscilla-
tions in the theta/alpha bands are not only related to trial-by-trial
fluctuations in threshold-level perception in different sensory
modalities (9, 10, 12, 14–16) but also predict temporal segregation/
integration of visual stimuli over time (8, 34–37). These findings
are in agreement with the idea that the phase of neural oscillations
reflects modulation of cortical excitability (28–31).
In the present study, we show that the way in which ongoing neural

oscillations determine whether visual information is temporally in-
tegrated or segregated does not depend on a single, general sampling
rhythm. On the contrary, different ongoing oscillatory rhythms de-
termine the temporal integration/segregation of stimuli over time
according to the TW involved. We found that when participants were
presented with a bistable stimulus comprising two distinct flashes in
the same spatial position and separated by an ISI of 40 ms (two-flash
fusion trials), the subjective interpretation of this bistable stimulus
(one flash vs. two flashes perceived) could be accurately decoded
from the phase of the ongoing oscillation within the alpha band
(maximum decoding accuracy at around 8–10 Hz). On the other
hand, when participants were presented with a bistable stimulus
comprising two distinct flashes appearing in different spatial positions
and separated by an ISI of 120 ms (apparent motion trials), the
subjective interpretation of this bistable stimulus (motion vs. alter-
nation) could be accurately decoded from the phase of the ongoing
oscillation within the theta band (maximum decoding accuracy at
around 6–7 Hz). These results renewed previous evidence (8, 35) of a
relationship between the alpha phase and timing in perception. In
particular, a previous study examining the “flash-lag” effect (50), a
spatiotemporal illusion where a continuously moving object is in-
correctly perceived ahead of its true location when an event (e.g.,
flash) appears, found that the magnitude of the effect varied along
with the ongoing 5- to 20-Hz EEG phase. Those results suggested
that neural periodicity is involved in the flash-lag illusion.
Additionally, the present results are in agreement with recent

studies from our own and other laboratories providing evidence for
a causal link between neural oscillations and spatiotemporal aspects
of perception (51, 52). In a recent study, we employed sensory
entrainment in the prestimulus interval to align ongoing oscillations
to a theta, alpha, or beta rhythm. We found that the frequency of
temporal segregation was modified by sensory entrainment at the
theta and alpha (but not beta) rhythms (52). Another recent study
employing an illusory jitter perception termed the “motion-induced
spatial conflict” showed that the illusory visual vibrations mirror the
intrinsic peak alpha frequency of the participants. Moreover, a
temporary shift of the individual alpha peak due to alternate current
stimulation altered the perceived jitter frequency (51).
The phase effect we found could not be dependent on varia-

tions in oscillatory amplitude, as our analyses demonstrated, thus
suggesting that at least for the alpha/theta band, the phase of
ongoing neural oscillations could impact stimulus processing
independently from amplitude variations, in agreement with
previous evidence (35). Multivariate decoding revealed also that
the topography of the effect was comparable for the two types of
trial, with the highest decoding accuracy visible in right parieto-
occipital channels, suggesting a common area/network responsible
for temporal sampling across different time periods. Although EEG
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does not allow for the definition of exact underlying neural sources,
the right parieto-occipital topography revealed by our multivariate
decoding analysis is in agreement with mounting evidence showing
that the neural sources underlying the modulation of the ongoing
theta/alpha phase are linked to the activity of the right posterior
parietal cortex (PPC) (12, 53–55). Hanslmayr et al. (12), for ex-
ample, show that the underlying modulation of perception operated
by the phase of ongoing oscillations reflects the bidirectional in-
formation flow between the occipital cortex and right PPC, sug-
gesting that the oscillatory phase reflects the periodic gate of
perception by opening transient time periods in which long-distance
cortical information transfer can take place. Similarly, the tendency
to either integrate or segregate two visual stimuli in time has been
linked to right parieto-occipital sources (36).
Overall, the present findings suggest a precise mapping between

oscillatory activity at a specific frequency and the temporal organi-
zation of sensory input into coherent percepts. Variations in the
theta and alpha (and maybe other) oscillatory rhythms, reflecting
periods of increased/decreased excitability, would determine if sub-
sequent stimuli are perceived in their “real” nature, and thus as
distinct events, or if they are subjected to some forms of temporal
averaging that lead to a relatively “poorer” quality of processing (i.e.,
perception of a single flash in the case of the two-flash fusion trials
and perception of a single moving flash in apparent motion trials).
It is interesting to observe that the number of oscillatory cycles

from which subjective perception can be efficiently decoded
largely converges around three cycles before the onset of the
stimulus, independent of the specific oscillatory rhythms involved.
This timing is consistent with the idea that the presence of target-
evoked ERPs and signal filtering involved in commonly used time/
frequency analyses (e.g., wavelet) causes a shift of the maximum
phase difference toward earlier time points (56). That result
suggests that the phase modulation found in this study may have
its true latency around the time of the stimulus presentation.
Although a direct link between the temporal organization of

perception (into discrete units) and oscillations has been suggested
for some time (5–8, 57, 58), this idea has remained controversial
theoretically and has been repeatedly challenged empirically. The
current findings may provide some assistance in resolving this con-
troversy. The finding of two different perceptual TWs mapping onto
two different frequency bands may help to explain the lack of con-
sistent evidence for a single, master frequency of temporal resolution.
Indeed, in addition to the alpha band, neural correlates of TWs have
been reported in theta and beta frequencies (reviewed in ref. 58).
On a more theoretical level, there is a long-standing debate

between “perceptual moment” and “continuous perception”
descriptions of the phenomenology of visual perception, as
captured by James’ idea of a stream of conscious awareness (59).
It has been argued that the presence of discrete TWs in sensory
processing does not necessarily signify that perception is dis-
continuous (44–46). A hierarchy of different TWs would po-
tentially mask the discontinuities of TWs at a lower stage. For
example, the Nyquist–Shannon theorem shows how discrete
samples can be transformed back into a continuous function
through the use of multiple sampling frequencies, such as a
combination of theta and alpha frequencies. Such a hierarchy of
TWs may contribute to the intuitive impression of a continuous

flow despite discrete sensory sampling mechanisms. Moreover, the
presence of multiple sampling frequencies would help to balance
the needs of temporal integration (i.e., to improve perceptual de-
cision making by combining information over time) and sensitivity
to changes in input that reflect new events in a dynamic environ-
ment. In the case of language, it is clear that auditory processing
takes place for different TWs ranging from phonemes (tens of
milliseconds) to syllables (hundreds of milliseconds), to words and
phrases (seconds). Recent studies have linked these auditory TWs
to oscillatory behavior, with shaping and entrainment of these fre-
quencies to the specific speech patterns of speakers (60). Likewise,
visual events occur over different time periods, which might require
multiple visual TWs in a sort of language of vision.
A number of oscillatory frequencies have been linked to differ-

ent, specific aspects of perceptual processing. For example, theta-
band rhythms have been linked to the grouping of sensory inputs
into meaningful, temporal chunks that incorporate information
across multiple brain regions (36, 61, 62), whereas gamma oscilla-
tions may reflect more local, bottom-up processing and beta oscil-
lations may reflect more feedback and top-down control (63, 64).
The current results would be consistent with distinct roles for alpha
in determining temporal resolution (8, 58, 65, 66) and for theta-
frequency sampling in generating more complex, meaningful per-
cepts of objects and events (36, 62). In terms of the mechanisms by
which these two frequencies diverge, one possibility could be that
when perception depends on higher order areas or larger networks
(e.g., networks involving primary visual areas, but also motion
processing and attentional control areas), a slower rhythm would
emerge as a result of stronger feedback projections and longer
interareal communication time among these regions (61).
To conclude, in the present study, we took advantage of a

method using phase information for multivariate decoding of the
perceptual outcome, and we demonstrate within a single study
that the perceptual sampling of visual events over different
temporal scales does not rely on a single sampling mechanism
but, instead, on the phase of different oscillatory rhythms. The
presence of multiple TWs and their mapping into different os-
cillatory rhythms may help to explain why discrete sensory pro-
cessing does not result in discontinuity of perception.

Methods
Participants. Twenty-seven adult participants (mean age = 24 y, SD= 3, 11males)
recruited at the University of Trento took part in the present study as paid
volunteers. From this original sample of participants, three subjects were re-
moved for the EEG analysis because of noisy data in the prestimulus period,
leaving 24 participants for the full analysis. All participants provided informed
consent, had normal or corrected-to-normal vision, and reported normal hear-
ing. They reported no history of neurological disorders. The study was approved
by the Ethics Committee of the Center for Mind/Brain Sciences at the University
of Trento and conforms to the principles elucidated in the Declaration of Helsinki
of 2013.

Stimuli, Procedure, and Data Analysis. Detailed information can be found in
SI Methods.
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SI Methods
Stimuli, Apparatus, and Procedure.All visual stimuli were displayed
on a 22.5-inch VIEWPixx monitor with a vertical refresh rate of
100 Hz. The target stimuli (hereafter “flashes”) were luminance-
defined Gaussian blobs sized 0.5° × 0.5°. The contrast of the
flashes was individually adjusted before the experiment to ensure
that the stimulus was presented well above threshold. We first
determined with a QUEST procedure the absolute contrast
threshold (mean Michelson contrast threshold between the flash
and the background was 9.02%). The resulted contrast value was
then multiplied by a factor of 1.5 or 2 depending on participants’
performance during a practice block entailing the same stimuli
that were subsequently used in the experiment. Specifically, to be
sure that we were employing the lowest suprathreshold contrast
value that could ensure the correct detection of the presentation
of a stimulus during the experiment (no misses), we chose the
lowest multiplication factor (1.5, 2, or 2.5) of the absolute con-
trast threshold value at which participants were able to detect the
stimulus (either as one flash or two flashes) in all of the 20 trials
of the practice block. Following this procedure, the average
Michelson contrast value between the flash and the background
was 15.34%. Critically, we chose to use relatively weak flashes to
increase our sensitivity to the effects of ongoing oscillations.
Indeed, a very high contrast stimulus might itself create a full
phase reset, and thus decrease the influence of prestimulus, on-
going oscillations. In other words, the ongoing oscillatory activity
would be perturbed by a strong stimulus, and any difference in the
nature of the oscillation (e.g., frequency, scalp location) between
the two types of temporal integration/segregation tested here
would be masked. At the same time, the choice of stimuli well
above threshold was motivated by the need to avoid issues of
detecting the presence or lack of presence of stimuli. Indeed, as
reviewed in the Introduction, many studies report an effect of the
phase of the ongoing oscillations in determining the detection of
stimuli at threshold. Instead, our interest here was in studying
whether ongoing oscillations could determine the integration/
segregation of suprathreshold stimuli over time. The experiment
was programmed in MATLAB (MathWorks, Inc.), using the
Psychtoolbox (1), and all visual stimuli were displayed on a gray
background (halfway between white and black).

Experimental Design. The stimulus presentation methodology is il-
lustrated in Fig. 1. All trials started with the onset of a fixation point
for a variable presentation time (ranging from 1,350 to 1,750 ms).
Each of the two target flashes had a duration of 10 ms (one refresh
rate). In the two-flash fusion trials, the two target flashes were
displayed in the same position in the left or right hemifield at 6° of
eccentricity from the fixation, aligned to the horizontal axis. The
stimulus presentation hemifield was randomized across trials, and
the two flashes were always separated by an ISI of 40 ms (four
refresh cycles). In the apparent motion trials, the first of the two
target flashes was always displayed at 6° of eccentricity in the left or
right hemifield and aligned to the horizontal axis. The second target
flash was displayed after an ISI of 120 ms (12 refresh rate) above or
below the position of the first flash (at a distance of 4°) at the same
eccentricity and in the same hemifield.
The ISI values for the two types of trials were chosen based on

pilot experiments, showing that these time intervals were optimal
to obtain in both cases a bistable stimulus that, despite being
physically constituted by two distinct flashes, was sometimes
perceived as one static or moving flash and sometimes as two
flashes alternating in the same or different spatial positions. After

stimuli presentation, a blank screen of 1,500 ms appeared, fol-
lowed by the response screen, in which participants were asked to
report if they perceived one or two flashes for two-flash fusion
trials or if they perceived motion or alternation (and in which
direction: upward or downward) for apparent motion trials.
Participants were asked to respond at their own pace with no time
constraints. After the response screen, an intertrial interval of
1,000 ms anticipated the following trial.
The total number of trials administered for each participant was

1,200, consisting of 540 bistable trials for the two-flash fusion task
and 540 bistable trials for the apparent motion task. Moreover, 60
“catch” trials with longer ISIs were presented for both trial types
(100 ms for the two-flash fusion task and 200 ms for the apparent
motion task). The different types of trial were randomly intermixed
and split into smaller blocks to prevent fatigue. All participants
were unaware of the fact that bistable trials were all identical.

EEG Recording and Preprocessing. EEG data were recorded from a
64-channel system for ac/dc recordings (Brain Products GmbH)
in an electrically shielded booth at a sampling rate of 500 Hz.
Electrodes were positioned at the following scalp sites: Fpz, Fp1,
Fp2, AF7, AF3, AF4, AF8, F7, F5, F3, F1, Fz, F2, F4, F6, F8, FT7,
FC5, FC3, FC1, FCz, FC2, FC4, FC6, FT8, T7, C5, C3, C1, Cz,
C2, C4, C6, T8, TP9, TP7, CP5, CP3, CP1, CPz, CP2, CP4, CP6,
TP8, TP10, P7, P5, P3, P1, Pz, P2, P4, P6, P8, PO7, PO3, POz,
PO4, PO8, O1, Oz, and O2. Moreover, for measuring the vertical
and horizontal electrooculograms, activity was recorded also from
two electrodes placed below one eye and on the external canthus.
All electrodes were online-referenced to Cz. Spherical in-
terpolation was carried out on individual bad channels if required
(average number of interpolated channels: 0.44, range: 1–5). Off-
line, data were preprocessed as follows: Data were down-sampled
to 250 Hz, rereferenced to an average reference, band pass-filtered
between 0.1 and 80 Hz, and epoched between −1,500 and 1,000 ms
relative to the onset of the first flash. An independent component
analysis was used to correct for electrooculographic artifacts unless
they occurred right before the stimulus onset, because the epochs
were excluded in this case. Additionally, epochs containing voltage
deviations exceeding ±150 μV or contaminated by muscular arti-
facts were excluded. The remaining artifact-free epochs (average
rate of accepted epochs per participants = 94.56%, SD = 4.78)
were transformed into the time/frequency domain using a complex
Morlet wavelet with a varying number of cycles (three at the lowest
frequency and 10 at the highest frequency) to obtain time/frequency
(complex number) representation in 50 log-spaced frequency points
from 3 to 50 Hz and 100 time points ranging from −944 to 440 ms
relative to the stimulus onset. Data analysis was performed using
MATLAB, EEGLAB (2), and CoSMoMVPA (3).

EEG Data Analysis: ERPs.Neurophysiological signatures of integration
and segregation of the two flashes were assessed by analyzing the
ERPs locked to the onset of the first stimulus. To accomplish this
goal, we used smaller epochs (−200/500 ms) and a baseline correc-
tion of the time period before the stimulus onset (−200/0 ms). ERPs
were analyzed in a cluster of parieto-occipital channels contralateral
to the stimulus onset (Left: P5, P7, PO3, and PO7; Right: P6, P6,
PO4, and PO8). The mean amplitudes of the P1 (140–180 ms) and
N1 (180–220 ms) ERP components were extracted and analyzed,
separately for the two trial types, with a repeated measure ANOVA
with the following within-subject factors: two outcomes (segrega-
tion/integration), two stimulus hemifields (left/right), and two ROIs
(ipsilateral/contralateral).
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EEG Data Analysis: Single-Trial Phase Decoding and Overall Phase
Difference (PBI). For the phase classification, we used for each
participant a searchlight with a cross-validated naive Bayes phase
classifier (as implemented in the CoSMoMVPA toolbox: www.
cosmomvpa.org/). For the cross-validation, we used a split-half
method: 50% of the trials were selected pseudorandomly for
training the classifier, and the remaining 50% were used for
testing. We performed this operation twice, training on half and
testing on the other half, and vice versa. Classification accuracy was
computed as the number of correctly predicted condition labels
divided by the total number of predictions. In all cases, the train and
test sets were both balanced across the two conditions (integration
or segregation). In other words, the number of trials in each con-
dition was the same; where necessary, some trials (on average, 20%
of the total trials) were dropped from the train or test set to ensure
balance.
For the classifier, we used a custom (faster) reimplementation

of some of the functionality present in the MATLAB Toolbox
for Circular Statistics (4) (https://www.jstatsoft.org/article/view/
v031i10). We used a multivariate phase classification approach
as follows. The input of the classifier was phase data from a set
of trials with two conditions for a set of k features (combination
of time points, frequencies, and channels). For each condition
label c (indicating integration or segregation) and feature i in the
training set, the average phase θc,i and concentration parameter
κc,i were computed. For each trial in the test set, the probability
pi,c that it belonged to class c according to feature i was com-
puted using the von Mises circular probability density function
(as implemented in circ_vmpdf.m in the CircStat toolbox). Since
our classification approach was naive Bayes (assuming in-
dependence across features), the combined class probability P_c
that a trial belonged to condition c was computed as Pc = p1,c *
p2,c * . . . pk,c, integrating the information across the k features.
The predicted condition label was set to the one with the highest
probability. For improved accuracy when using very small proba-
bility values, our implementation took the logarithm of the prob-
abilities and summed them. Note that since we used balanced trial
counts for the two conditions there was no need to assume dif-
ferent prior probabilities accounting for class frequency.
For the spatiotemporal-frequency searchlight, each searchlight

used three channels and was based on radii of four time points and
eight frequencies. For a given “center” feature (combination of
channel, time point, and frequency), features from the nearest
three channels (including itself) that were within a distance of
four time points and eight frequencies were selected and used
for cross-validated classification as described earlier. The clas-
sification accuracy was then assigned to the center feature. This
process was repeated for each feature, resulting in a classification
accuracy map for all channels, time points, and frequency bins.
To corroborate results from the single-trial phase-decoding

analyses, we analyzed the average phase difference between
the trial outcome (segregation vs. integration), separately for the
two types of trials, employing the phase bifurcation index (PBI).
The PBI was introduced by Busch et al. (5) and employed in
numerous subsequent studies (reviewed in ref. 6). For the PBI
calculation, we first computed phase coherence across trials with
the intertrial phase coherence [ITC; also called phase-locking
factor (7, 8)] as follows:

ITC= j X
i=1: n

ωi

jωijj=  n. [S1]

In Eq. S1, ωi is the complex number [with jωij and angle(ωi)
representing the oscillatory amplitude and phase, respectively]

for each trial i. The ITC measure can have values between 0 and
1, with 0 representing the absence of synchronization across
trials relative to the time-locking event and a value of 1 indicating
perfect synchronization. To calculate the phase difference be-
tween correct and incorrect trials for both the strong and mid-
crowding conditions, we calculated the PBI as follows:

PBI= ðITCSEGREGATION   -  ITCALLÞ× ðITCINTEGRATION   -  ITCALLÞ.
[S2]

In our case, the ITCALL was calculated taking all trials within the
two-flash fusion and the apparent motion condition, indepen-
dent from the trial outcome. PBI values can range from −1 to
1. When the phases of the two trial groups (segregation vs. in-
tegration in our case) are concentrated at different phase angles,
the PBI will have a positive value, with an upper hypothetical
bound of 1, indicating perfect phase locking in both conditions
(ITC = 1), but at opposite phases (thus combined with an overall
phase-locking ITC = 0). On the contrary, the null hypothesis
of random phase distributions for correct and incorrect trials
predicts a PBI value close to 0. Finally, when only one condi-
tion exhibits significant phase locking, while the other exhibits
a random phase distribution, PBI values are negative. Since
the reliability of ITC (and consequently of the PBI) is depen-
dent on trial number (9, 10), we computed for each participant
the PBI and subsequent phase analyses on a number of trials
equal to the total number of trials in the condition with fewer
trials.

Statistical Analyses of EEG Phase Decoding and PBI. For the main
analysis of single-trial phase decoding, statistical analyses were
used at the group level to assess whether the decoding accuracy
was significantly above chance (i.e., 50%, given that the decoding
was performed between two outcomes: segregation vs. in-
tegration) for all times/frequencies/channels tested. Specifically,
we used nonparametric permutation tests (number of iterations =
10,000) with cluster-based correction (11) for multiple compar-
isons (maximum sum statistic setting the threshold P value to α =
0.05, one-tailed) applied in the 3D space of all time points,
channels (excluding electrooculogram channels), and frequencies.
In cases in which a significant decoding accuracy was found

(i.e., significantly above chance), we additionally analyzed PBI at
the group level in the same cluster of channels. Specifically, we
used once again cluster-corrected permutation tests (two-tailed in
this case) as described above to assess whether the PBI values of
all prestimulus time points and frequencies were significantly
different from 0 (indeed, random phase distributions for correct
and incorrect trials predict a PBI equal to 0), similar to what has
been done in previous studies (e.g., refs. 12–14).
Both analyses were restricted to frequencies ranging from 5 to

20 Hz and to time points ranging from −600 to 0 ms relative to
the stimulus.

EEG Data Analysis: Single-Trial Power Decoding and Relative
Statistical Analyses. For the power classification, we used in
each participant a searchlight with a cross-validated naive Bayes
phase classifier with the same procedure described above. The
only difference was that for the power analysis, the naive Bayes
classifier assumed a Gaussian (normal) distribution (for this
reason, it is also called a Gaussian naive Bayes classifier), as
implemented in the CoSMoMVPA toolbox (www.cosmomvpa.
org/; see cosmo_naive_bayes_classifier_searchlight.m). Afterward,
statistical analyses on decoding accuracy were performed with the
same procedure described above.
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Fig. S1. Representation of a simulation in which we applied a time/frequency transformation to an ideal ERP waveform. As explained by Tallon-Baudry et al.
(7) and Iemi et al. (15), to determine the extent of temporal contamination caused by the wavelet, we calculated for each frequency the wavelet’s temporal
resolution σt, which is defined as twice the SD of the Gaussian envelope at a particular frequency. We found that the earliest contamination possibly occurring
from poststimulus data points in our study was at 210 ms before the stimulus onset for a signal at 5 Hz (the lowest frequency that was taken into account in our
study). In the plot, this is represented by the green shaded area (Upper andMiddle) or by the lowest point of the red curve (Lower). Since our significant results
were found outside this time/frequency limit, we can be confident that no contamination from poststimulus data were present.
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Fig. S2. Time/frequency plots showing phase-decoding accuracy obtained with a naive Bayes classifier searchlight [color-coded t values represent the group
level difference against the chance level (i.e., 50% decoding accuracy)] as a function of the type of trial and the location of the electrodes relative to the
stimulus hemifield (contralateral and ipsilateral). We performed this complementary analysis, which involved “mirroring” all channels for trials containing
stimuli appearing on the right hemifield, to investigate whether there could be effects systematically occurring in the contralateral (or ipsilateral) side relative
to the stimulus presentation. In this way, the effects that systematically occur contralaterally map on the right electrodes and the ipsilateral effects map on the
left electrodes. However, no significant results emerged for the integration vs. segregation comparison (two-flash fusion trials: all corrected P > 0.142; ap-
parent motion trials: all corrected P > 0.099). The cluster of channels plotted here for the contralateral plots is the same as in Fig. 3 (and is homologous in the
left hemisphere for the ipsilateral plots). CONTRA/IPSI, controlateral/ipsilateral; MVPA, multivariate pattern analysis.

Fig. S3. Time/frequency plots showing power-decoding accuracy obtained with a naive Bayes classifier searchlight [color-coded t values represent the group
level difference against the chance level (i.e., 50% decoding accuracy)] as a function of the type of trial [(A) two-flash fusion trials; (B) apparent motion trials].
The outlined areas of the plots delimit the intersection of time/frequency points where a significant difference was obtained with cluster-corrected permu-
tation tests in the four right parieto-occipital channels with highest decoding accuracy resulted from the phase-decoding analysis.
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