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Abstract
Prestimulus oscillatory neural activity has been linked to perceptual outcomes during performance of psychophysical
detection and discrimination tasks. Specifically, the power and phase of low frequency oscillations have been found
to predict whether an upcoming weak visual target will be detected or not. However, the mechanisms by which
baseline oscillatory activity influences perception remain unclear. Recent studies suggest that the frequently reported
negative relationship between ␣ power and stimulus detection may be explained by changes in detection criterion (i.e.,
increased target present responses regardless of whether the target was present/absent) driven by the state of neural
excitability, rather than changes in visual sensitivity (i.e., more veridical percepts). Here, we recorded EEG while human
participants performed a luminance discrimination task on perithreshold stimuli in combination with single-trial ratings
of perceptual awareness. Our aim was to investigate whether the power and/or phase of prestimulus oscillatory activity
predict discrimination accuracy and/or perceptual awareness on a trial-by-trial basis. Prestimulus power (3–28 Hz) was
inversely related to perceptual awareness ratings (i.e., higher ratings in states of low prestimulus power/high excitability) but did not predict discrimination accuracy. In contrast, prestimulus oscillatory phase did not predict awareness
ratings or accuracy in any frequency band. These results provide evidence that prestimulus ␣ power influences the
level of subjective awareness of threshold visual stimuli but does not influence visual sensitivity when a decision has
to be made regarding stimulus features. Hence, we find a clear dissociation between the influence of ongoing neural
activity on conscious awareness and objective performance.
Key words: ␣; attention; consciousness; EEG; oscillations

Significance Statement
Previous research suggests that both the power and phase of neural oscillations occurring immediately
before the appearance of a visual stimulus can predict perception of the stimulus. We investigated whether
these neural signatures were primarily influencing subjective and/or objective aspects of visual performance. We provide evidence that prestimulus power (⬃3–28 Hz) predicts the level of subjective awareness
of the stimulus but not whether someone will be more accurate in their ability to discern task-relevant
stimulus features. In contrast to previous studies, we found no effect of oscillatory phase on either
subjective or objective measures of visual performance. We conclude that prestimulus oscillatory power
predicts subjective but not objective measures of visual task performance.
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Introduction
Across multiple presentations of identical stimuli, behavioral responses on psychophysical tasks often vary
within the same observer. Intrinsic fluctuations in neural
excitability before stimulus presentation provide a possible explanation for this variability of perceptual outcome.
Recent EEG/MEG studies employing prestimulus oscillatory activity in specific frequency bands as an index of
neural excitability states have shown that prestimulus
power (Ergenoglu et al., 2004; Babiloni et al., 2006; Capilla
et al., 2014; Limbach and Corballis, 2016; Iemi et al.,
2017) and/or phase (Busch et al., 2009; Mathewson et al.,
2009; VanRullen et al., 2011) predict the perceptual fate of
an upcoming stimulus. One consistent finding is that oscillatory power in the ␣-band (⬃8 –14 Hz) immediately
preceding stimulus onset negatively correlates with the
likelihood of detecting perithreshold visual stimuli
(Limbach and Corballis, 2016; Iemi et al., 2017). Additionally, there is evidence linking the alignment of prestimulus
oscillatory phase relative to stimulus onset with the likelihood of stimulus detection (Busch et al., 2009; Mathewson et al., 2011; but see Brüers and VanRullen, 2017).
More recently, studies have begun to employ psychophysical modeling techniques, broadly within a signal
detection theory (SDT) framework (Green and Swets,
1966), to investigate the mechanism by which prestimulus
activity influences perception (Chaumon and Busch,
2014; Limbach and Corballis, 2016; Iemi et al., 2017).
These studies have provided converging evidence that
prestimulus ␣ power may primarily bias perception by
influencing the decision criterion, and also subsequent
decision confidence (Samaha et al., 2017), rather than
influencing perceptual sensitivity (Lange et al., 2013;
Chaumon and Busch, 2014; Limbach and Corballis, 2016;
Sherman et al., 2016; Craddock et al., 2017; Iemi et al.,
2017; Samaha et al., 2017). Iemi et al. (2017) proposed
that in states of low ␣ power (indexing high cortical excitability), participants are more likely to report detection
(both hits and false alarms) than in states of high ␣ power
(low excitability). In contrast, discrimination measures,
requiring evaluation of some veridical characteristic of the
stimulus, are unaffected by ␣ power, since both decisionrelated “signal” and “noise” are equally affected by baseline excitability. Accordingly, Samaha et al. (2017) found
that prestimulus ␣ power was negatively correlated with
decision confidence in a 2-alternative forced choice (2AFC) orientation discrimination task, but was not correlated with decision accuracy. These recent findings
appear somewhat at odds with previous studies which
have found a positive correlation between prestimulus ␣
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power and visual detection performance (LinkenkaerHansen et al., 2004; Babiloni et al., 2006; Mayer et al.,
2016).
While the studies described above suggest that prestimulus ␣ power predicts decision criterion and subsequent confidence rather than objective performance, it
remains unclear at which level of processing these effects
occur. For instance, criterion and confidence may be
influenced primarily at the nonsensory levels of decision
strategy and metacognition. Additionally, both measures
are likely to be related to the level of subjective awareness
(i.e., subjective visibility) of the stimulus, and hence ␣
power may primarily influence perceived stimulus visibility, which in turns affects the decision criterion and confidence. In the current study, we sought to investigate to
what extent oscillatory activity before stimulus onset is
linked to subjective awareness. We employed a 2-AFC
luminance discrimination task using three perithreshold
stimulus intensities, and catch trials in which no stimulus
was presented, in combination with single-trial ratings of
subjective awareness (Ramsøy and Overgaard, 2004; Tagliabue et al., 2016). The inclusion of graded stimulus
intensities and catch trials allowed us to test whether the
relationship between prestimulus ␣ power and perceptual
reports is uniform regardless of the presence and intensity
of the stimulus (in line with a decision criterion effect) or
rather depends on there being a stimulus present and
how strong it is (in line with a perceptual response gain
effect; Chaumon and Busch, 2014).
Hence, based on the evidence outlined above, we hypothesized that prestimulus ␣ power would predict subjective awareness ratings but not discrimination accuracy.
By grading stimulus intensity and including catch trials,
we tested to what extent the influence of prestimulus ␣ on
the decision criterion/perceptual bias (Iemi et al., 2017)
and decision confidence (Samaha et al., 2017), in the
absence of any influence on perceptual sensitivity, may
be parsimoniously explained by an influence of ␣ power
on the level of conscious awareness of the visual percept.
Additionally, given that the mechanism by which prestimulus phase influences perception remains largely unknown (for theories, see VanRullen and Koch, 2003;
Jensen et al., 2012; VanRullen, 2016a), we also sought to
establish whether prestimulus phase predicts subjective
awareness ratings and/or discrimination accuracy.

Materials and Methods
Participants
A total of 14 participants (seven females, two lefthanded, mean age ⫾ SD: 23.79 ⫾ 3.17) were recruited for
the study. All reported normal or corrected-to-normal vision and no history of neurological or psychiatric disorders. They all gave their written informed consent to
participate in the study. The study was approved by the
Ethics Committee of the College of Science and Engineering at the University of Glasgow and conducted in accordance with the 2013 Declaration of Helsinki.
eNeuro.org
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Experimental procedure
The experiment consisted of two sessions performed
on two consecutive days. The first session involved a
threshold assessment (see Threshold titration below) and
familiarization of the participants with the stimuli. During
the second session, after a threshold reassessment, participants performed a forced choice discrimination task
while EEG was simultaneously recorded (see EEG session
below).
Stimuli
Each participant was presented with Gaussian patches,
which were parametrically varied and individually adjusted in luminance (i.e., manipulated in saliency). Half of
the stimuli were lighter and the other half darker than the
background for use in the lighter-darker discrimination
task during the EEG experiment.
The stimuli were black or white circular patches with a
Gaussian envelope (size ⫽ 1.3°), presented on a gray
background (RGB: 127, 127, 127) in the upper right visual
field (5° of vertical and 10° of horizontal eccentricity from
the fixation cross). Before the experimental task, the contrast (i.e., transparency) of the black and white Gaussian
patches was individually adjusted to obtain perithreshold
stimuli of different luminance that appeared as light and
dark gray, respectively. Specifically, six stimulus luminance levels (three lighter and three darker than the gray
background) were identified for each participant by
means of a threshold assessment procedure (see next
paragraph for further details).
Threshold titration
For the threshold titration session, participants sat with
their head on a chin rest in front of a CRT monitor (resolution 1280 ⫻ 1024, refresh rate of 100 Hz) at a viewing
distance of 57 cm. The aim of the titration session was to
identify six contrast values (yielding six luminance levels:
three light and three dark patches) corresponding to 25%,
50%, and 75% of correct detection performance. The
thresholds were measured using the method of constant
stimuli. At the beginning of the session (first day), ten
evenly spaced contrast values ranging from 0.025% to
0.116% of the maximal contrast of the black/white
patches were presented in a randomized order in the right
visual field (for details, see Stimuli above). This first phase
included two blocks: on each block, all contrast values
were tested seven times together with 14 stimulus-absent
trials (catch trials), resulting in a total number of 308 trials
per participant. On each trial, a warning tone (1000 Hz,
150 ms) preceded the stimulus with a 1000-ms cuestimulus interval. Participants were asked to keep their
eyes on a central fixation cross and press the spacebar
whenever they perceived a stimulus, and to withhold
responses when not perceived (1 s time limit for response). At the end of the two blocks, a sigmoid function
was fit to the data of both light and dark stimulus trials
separately and contrast values yielding detection thresholds of 25%, 35%, 50%, 65%, and 75% were extracted
for each participant. These contrast levels were then
tested again in two blocks, including 10 trials for each
contrast/stimulus type (light and dark stimuli) and 14
November/December 2017, 4(6) e0182-17.2017
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catch trials, resulting in a total number of 228 trials per
participant.
On the second day of testing and before EEG recording, a short threshold reassessment was performed to
verify that participants’ performance was comparable to
that obtained in the first session. To this end, the contrast
values previously identified (5 for light and 5 for dark
patches) plus those corresponding to 0% and 100% detection accuracy were each presented seven times together with 14 catch trials (total of 182 trials). If luminance
values resulting in detection thresholds of ⬃25%, 50%,
and 75% were confirmed, they were selected for the
behavioral task during the EEG recording. If not confirmed, a sigmoid function was once again fit to the data
and new contrast levels were extracted and retested with
the same procedure. The threshold reassessment procedure had to be repeated for four subjects.
Discrimination task and EEG experiment
During the EEG session, participants performed a
2-AFC luminance discrimination task. Each trial (Fig. 1A)
started with a black fixation cross for 400 ms, followed by
a 1000-Hz warning tone (150 ms). After a 1000-ms interval, a light or dark Gaussian patch (whose luminance
levels were determined during the threshold assessment)
was presented for 30 ms (three frames) in the upper right
visual field. A 1000-ms screen with only the fixation cross
was then displayed, followed by a response prompt asking the participants to judge the brightness of the stimulus
relative to the gray background by pressing a button (“1”
key on numeric pad of keyboard) for “lighter” and another
button (“2” key on numeric pad of keyboard) for “darker”
using their right index and middle fingers, respectively.
The participants were required to guess in trials in which
they did not see any stimulus. After the button press,
another response prompt asked participants to rate the
quality of their perception on the four-point perceptual
awareness scale (PAS; Ramsøy and Overgaard, 2004).
The four PAS categories were: (0) no experience of the
stimulus, (1) a brief glimpse, (2) an almost clear experience, and (3) a clear experience. Responses were given
by pressing four different buttons on the keyboard (“0,”
“1,” “2,” and “3” on the numeric pad). Participants were
instructed that these categories index the clarity of the
visual experience, regardless of whether they thought
their discrimination decision was correct or not. Although
awareness and confidence are likely to be highly correlated, Sandberg et al. (2010) showed that instructing participants not to use the PAS scale as a proxy for
confidence resulted in marked differences in the use of
the scale compared to a four-point confidence scale, with
the PAS scale leading to more graded, and hence exhaustive, responses.
The experimental session was divided into 10 blocks.
Each block consisted of 80 trials: 10 trials for each individually adjusted stimulus contrast (25%, 50%, and 75%
of detection threshold) and stimulus type (light and dark),
together with 20 catch trials, thus yielding a total of 800
trials across blocks. The order of the trials within each
block was fully randomized. Both the threshold assesseNeuro.org
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Figure 1. Task design and performance. A, Each trial began with a black fixation cross for 400 ms followed by a 1000-Hz warning
tone (150 ms). After a 1000-ms interval, a light or dark Gaussian patch was presented for 30 ms (three frames) in the right visual field.
A 1000-ms blank screen (fixation cross present) was then followed by a response prompt asking the participants to judge the
brightness of the stimulus as compared with the gray background, indicating either lighter or darker. After the response, another
prompt asked participants to rate the quality of their perception on the four-point PAS. B, Group-averaged proportion of correct
responses (left) and mean awareness ratings (right) as a function of stimulus contrast (25%, 50%, and 75% of detection threshold).
C, Group-averaged proportion of correct responses (top) and mean awareness ratings (bottom) as a function of stimulus contrast
(25%, 50%, and 75% of detection threshold) and time-on-task (first half of experiment ⫽ black lines; second half ⫽ red lines). Both
accuracy and awareness rating linearly increased from low to high stimulus contrast and these effects were similar in both the first
and second halves of the experiment. All error bars indicate within-subject ⫾ SEM.

ment and the actual behavioral task were programmed
and run in MATLAB (MathWorks Inc.), using the Psychophysics Toolbox (Brainard, 1997; Pelli, 1997).
November/December 2017, 4(6) e0182-17.2017
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rately for the discrimination accuracy scores and
awareness ratings. The dependent measures were the
proportion of correct responses (discrimination accuracy)
and mean PAS rating (indexing visual awareness). The
independent variables were the stimulus contrast (25%,
50%, and 75% of detection threshold) and the time within
the experimental session (first half of trials vs second half).
The time factor was introduced to test for nonstationarity
in the psychophysical responses over time, which may
provide an alternative explanation for apparent trial-bytrial correlations between EEG and perceptual measures
(Benwell et al., 2013, 2017; Bompas et al., 2015). Hence,
three (contrast: 25%, 50%, 75%) ⫻ two (time: first half,
second half) repeated measures ANOVAs were performed
on both the accuracy and rating measures separately.
Effect sizes were also estimated using partial 2 and
Cohen’s d.
EEG recording and analysis
Continuous EEG was recorded with two BrainAmp MR
Plus units (Brain Products GmbH) at a sampling rate of
1000 Hz through 61 Ag/AgCl pellet pin scalp electrodes
placed according to the 10-10 International System. Two
extra electrodes served as ground (TP9) and on-line reference (AFz). Electrode impedances were kept below 10
k⍀. All scalp channels were rereferenced off-line to the
average of all electrodes. Preprocessing steps were performed using Brain Vision Analyzer 2.0 (Brain Products).
Offline, continuous data were filtered for power line noise
using a 2-Hz notch filter centred at 50 Hz. Additional low
(85 Hz) and high-pass (0.1 Hz) filters were applied using a
zero-phase second-order Butterworth filter. Independent
component analysis (ICA; Bell and Sejnowski, 1995) was
applied to identify and remove eye blinks and muscle
artifacts. The data were segmented into epochs of 5 s
starting ⫺2.5 s before stimulus onset and then down
sampled to 250 Hz. All epochs were then visually inspected and removed if contaminated by residual eye
movements, blinks, strong muscle activity, or excessive
noise. On average, ⬃5% of the trials were discarded per
participant due to artifacts.
Fourier-based spectro-temporal decomposition of the
artifact-free data were performed using the ft_freqanalysis
function (wavelet convolution method: “mtmconvol”) from
the FieldTrip toolbox (Oostenveld et al., 2011), yielding
complex-valued time-frequency planes. A temporal resolution was maintained by decomposing overlapping 0.5-s
segments of trial time series, consecutively shifted forward in time by 0.02 s. Data segments were multiplied
with a Hanning taper and then zero-padded to a length of
1 s to achieve a frequency resolution of 1 Hz across the
range of 3 to 40 Hz. The data were then reepoched from
⫺1 to 1 s relative to stimulus onset. We sought to investigate spectral EEG predictors of both discrimination accuracy and visual awareness ratings. The two spectral
measures investigated were power and phase.
EEG power analysis
Single-trial power was obtained for all time-frequency
points as follows:
November/December 2017, 4(6) e0182-17.2017
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EEGpower共t, f兲 ⫽ ⱍ F共t, f兲 ⱍ 2
where F is the complex Fourier coefficient corresponding
to time window t and frequency f. The absolute power
values were additionally normalized using a decibel (dB)
transformation (Matlab pow2db function).
The relationships between single-trial power and both
discrimination accuracy and visual awareness ratings
were first tested using a multiple regression approach
(inspired by Samaha et al., 2017). At the single participant
level, for each electrode, frequency and time point, regression coefficients were estimated for a model with
single-trial accuracy and awareness ratings (and their
interaction) as predictors of single-trial EEG power:
EEG ⫽ a ⫹ bacc*Acc ⫹ brate*Rate ⫹ bint*Acc*Rate ⫹ 
where EEG is the single-trial power estimates, Acc is a
column of values corresponding to single-trial discrimination accuracy [dummy coded as 0 (incorrect) and 1 (correct)] and Rate is a column of single-trial PAS ratings (0:3).
The regression coefficient bintrepresents the direction and
strength of the interaction term, indexing whether the
relationship between one predictor variable and the EEG
power depends on the level of the other predictor variable. a is the model intercept and  the error term. Although we did not hypothesize any interaction between
accuracy and awareness ratings in terms of their relationship with EEG power, we included the interaction term
initially to make sure the model was being specified correctly. In the absence of a significant interaction term, the
independent contributions to the prediction of EEG power
of awareness and accuracy (main effects) can be estimated in a linear model with no interaction term:
EEG ⫽ a ⫹ bacc*Acc ⫹ brate*Rate ⫹ 
where bacc and brate represent the independent contributions to the prediction of EEG power of both discrimination accuracy and PAS ratings, respectively.
Additionally, to ensure that the results were not dependent on our choice of predictor and outcome variables
(i.e., behavior predicting EEG power) and also to control
for any potential influence of multicollinearity in the multiple regression model described above, we also implemented two separate models in which EEG power was
entered as the predictor and the behavioral measure as
the outcome variable. For the PAS ratings, coefficients
were estimated for the following linear model:
Rate ⫽ a ⫹ bEEG*EEG ⫹ 
where bEEG indexes the direction and strength of the
relationship between single-trial EEG power and PAS ratings. For discrimination accuracy and given the binary
nature of this variable, a logistic regression was performed according to the following formula:
log

⫽a⫹b
共 1 ⫺P Corr
P Corr 兲
共

兲

共

兲

*EEG

EEG

where bEEG indexes the direction and strength of the
eNeuro.org
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relationship between single-trial EEG power and the probability of being correct (P(Corr)).
At the group level, regression coefficients were combined across participants for statistical analysis. More
specifically, if at a given data point (electrode/frequency/
time), EEG power systematically covaries linearly with the
perceptual measure (discrimination accuracy or awareness rating) then regression slopes should show a consistent directionality across participants. Alternatively, if
there is no systematic linear relationship between EEG
power and the perceptual measure, then regression
slopes across participants should be random (centered
around 0). Hence, for each EEG/behavior relationship we
performed one-sample t tests (test against 0) on the
regression coefficient values across participants at all
data points (i.e., all electrodes, frequencies, time points).
To control the familywise error rate (FWER) across the
large number of comparisons, cluster-based permutation
testing (Maris and Oostenveld, 2007) was employed. Calculation of the test statistic involved the following: based
on the initial one-sample t tests, all t values above a
threshold corresponding to an uncorrected p value of 0.05
were formed into clusters by grouping together adjacent
significant time-frequency points and electrodes. This
step was performed separately for samples with positive
and negative t values (two-tailed test). Note that for a
significant sample to be included in a cluster, it was
required to have at least 1 adjacent neighboring significant sample. The spatial neighborhood of each electrode
was defined as all electrodes within ⬃5 cm, resulting in a
mean of 6.3 (minimum ⫽ 3, maximum ⫽ 8) and median of
7 neighbors per electrode. The t values within each cluster
were then summed to produce a cluster-level t score
(cluster statistic). Subsequently, this procedure was repeated across 2000 permutations of the data (condition
labels were shuffled for a random subset of participants
on each iteration) with the most extreme cluster-level t
score on each iteration being retained to build a data
driven null hypothesis distribution. The location of the
original real cluster-level t scores within this null hypothesis distribution indicates how probable such an observation would be if the null hypothesis were true (no
systematic difference from 0 in regression slopes across
participants). Hence, if a given negative/positive cluster
had a cluster-level t score lower/higher than 97.5% of the
respective null distribution t scores, then this was considered a significant effect (5% ␣ level).
Follow-up EEG power analysis
To further investigate the nature of any detected relationships between prestimulus power and behavior, and
to confirm the results of the single-trial regression analysis, we performed an additional analysis on the data from
electrode-time-frequency points included in any significant clusters before stimulus onset. Single-trial, clusteraveraged, prestimulus power values were extracted for
each participant and trials were split into “above” and
“below” median power bins. The proportion of correct
responses and mean PAS ratings were then calculated
per prestimulus power bin (above and below median)
separately for each luminance/contrast combination, i.e.,
November/December 2017, 4(6) e0182-17.2017
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for luminance increments (stimuli lighter than background)
and decrements (stimuli darker than background), respectively, at the 25%, 50%, and 75% contrast levels.
Subsequently, repeated measures ANOVAs with the factors prestimulus cluster power (high, low), contrast (25%,
50%, 75%) and luminance (darker, lighter) were performed on both the accuracy and awareness rating measures separately.
This additional analysis was performed for several reasons. First, the multiple regression approach is potentially
confounded by multicollinearity because the accuracy
and visual awareness measures are likely correlated.
Hence, it may be problematic to detect independent contributions from each predictor in a regression model. If
real effects are masked by our choice of regression
model, then we would expect them to be apparent in the
ANOVAs performed separately for accuracy and visual
awareness. Second, the initial regression analysis does
not account for differences in stimulus luminance (i.e.,
darker or lighter than background) or contrast (i.e., stimulus intensity: 25%, 50%, or 75%). Because a novel
aspect of our design was that the stimuli on any given trial
could either be luminance increments or decrements (relative to the background), it is of interest to test whether
prestimulus oscillations influence perception in the same
way for both stimulus types. Third, the level of stimulus
intensity (as indexed by the contrast) may interact with
any effect of prestimulus activity on perception. For example, Chaumon and Busch (2014) presented a range of
stimulus intensities in a visual detection task and found
that high prestimulus ␣ power only reduced detection of
stimuli of the highest intensities tested, in line with a
reduction of response gain rather than a change in sensitivity.
Catch trial power analysis
Recent studies by Limbach and Corballis (2016) and
Iemi et al. (2017) have found that in states of low relative
to high ␣ power, the false alarm rate is increased along
with the hit rate. We also tested for this in the current data
by performing a separate regression analysis on the catch
trials only. A mean number of 188 catch trials (minimum ⫽
153, maximum ⫽ 200) per participant were entered into
the analysis. For each electrode, frequency and time point
in each participant, regression coefficients that describe
the relationship between single-trial power and PAS ratings on the catch trials were estimated according to the
linear model:
EEG ⫽ a ⫹ bcatchrate*CatchRate ⫹ 
where EEG is the single-trial power estimates and
CatchRate is a column of single-trial PAS ratings (0:3). The
regression coefficient bcatchrate was our measure of interest.
a is the model intercept and  the error term. The same
group-level cluster-based permutation analysis was then
employed as for the accuracy and awareness analyses
from the noncatch trials described above.
Finally, in analogy to the follow-up power analysis
above, we also specifically investigated the relationship
between catch trial power and PAS ratings from prestimueNeuro.org
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lus clusters identified in the noncatch trial analyses. Here,
we calculated the mean PAS ratings for catch trials from
high and low power trial bins (averaged over the data
points from the significant cluster) in each participant and
the difference was tested using a paired-samples t test.
Bayes factor (BF) analysis of EEG power results
To directly estimate evidence for both the null hypothesis (no relationship between EEG power and behavioral
measure) and alternative hypothesis (significant relationship between EEG power and behavioral measure), we
also performed BF analyses using the data points from
the detected significant cluster (see Iemi et al., 2017 for a
similar approach). This analysis allowed us to test whether
the absence of a significant relationship between EEG
power and accuracy was likely to be due to a lack of
statistical power or rather because the null hypothesis
was likely to be true. A BF below 1/3 indicates evidence
for the null hypothesis, above 3 indicates evidence for the
alternative hypothesis and between 1/3 and 3 indicates
that the evidence is inconclusive (potentially due to a lack
of statistical power; Rouder et al., 2009). For all data points
included in a significant prestimulus EEG power/awareness
cluster (detected in the regression analysis), the BF was
calculated with a prior which followed a Cauchy distribution
with a scale factor of 0.707 (Rouder et al., 2009). For each
time point, the percentage of electrode-frequency points
showing evidence for the null and alternative hypotheses,
respectively, were calculated. This analysis was performed
separately for both the awareness and accuracy data.
Phase analysis
To investigate whether single-trial discrimination accuracy and/or subjective awareness ratings depend on the
phase of ongoing oscillatory activity before stimulus onset, we employed a phase opposition analysis (VanRullen,
2016b). Essentially, this analysis tests whether trials associated with one perceptual outcome (i.e., correct discrimination or high subjective awareness) differ in terms of
their distribution of oscillatory phases for a given timefrequency point compared to trials associated with the
opposite perceptual outcome (i.e., incorrect discrimination or low subjective awareness). The analysis involves a
comparison of intertrial phase coherence (ITPC) measured over all trials (serving as a baseline) with ITPC
measured separately for the trial group from each condition (i.e., correct vs incorrect discrimination and high vs
low subjective awareness). If the ITPC from each condition is larger than the total ITPC then this suggests that
the two conditions are phase-locked to different phase
angles. ITPC was calculated as follows:
ITPC共t, f兲 ⫽

冏

1
n

n

兺 ⱍF
k⫽1

Fk共t, f兲
k共t, f兲ⱍ

冏

where F is the complex Fourier coefficient corresponding
to time window t and frequency f, n is the number of trials
and k is the individual trial index. The ITPC was calculated
in this way over all trials and separately for those trials
corresponding to correct discrimination, incorrect discrimination, high awareness ratings (2 and 3 PAS ratings)
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and low awareness ratings (0 and 1 PAS ratings), respectively.
We employed the phase opposition sum (POS) method
(VanRullen, 2016b) to test for differences in preferred
phase angle between “correct” and “incorrect” trials (for
the discrimination accuracy analysis) and “high awareness rating” and “low awareness rating” trials (for the
visual awareness analysis), respectively. The POS is calculated as follows:
POS ⫽ ITPCA ⫹ ITPCB ⫺ 2*ITPCALL
where ITPCA and ITPCB are the ITPC calculated separately for the two trial-types to be compared (i.e., correct
vs incorrect response trials or high vs low awareness
rating trials) and ITPCALL is the ITPC calculated across all
trials regardless of condition. POS will be positive when
the ITPC of each trial group exceeds the overall ITPC; the
main situation of interest, which indicates significant
phase opposition between the two conditions.
Statistical analysis was first performed at the level of
individual participants using a permutation test. For each
participant, the trial assignment to group A or B was
randomly permuted 2000 times and the POS value calculated and stored on each iteration. For each electrodetime-frequency point, the p value was calculated as the
proportion of permutations that yielded a higher POS than
the observed data. Hence, the p value reflects the likelihood of observing the actual POS value if the null hypothesis (no phase opposition) was true. The individual
participant p values were subsequently combined using
Fisher’s combined probability test (Fisher, 1925), which
yielded a single group-level p value for each electrodetime-frequency point. Only prestimulus data points (-1:0 s
relative to stimulus onset) were entered into group-level
statistical analysis because phase opposition measures
are difficult to interpret poststimulus when strong evoked
activity (event-related potentials) implies that most trials
are phase locked to similar phase angles (VanRullen,
2016b). To control for multiple comparisons, we employed nonparametric false discovery rate (FDR) correction (Benjamini and Yekutieli, 2001) with a threshold (q
value) of 0.05. The entire analysis was performed separately for discrimination accuracy and visual awareness,
respectively.
Follow-up EEG phase analysis
Additionally, we performed two control POS analyses.
In the first control analysis, trial numbers were matched
between the two outcomes. We did this because phase
opposition measures lose statistical power when there is
an asymmetry in trial numbers between the two conditions (VanRullen, 2016b). Hence, within each participant,
we equalized correct and incorrect trials (for the discrimination accuracy analysis) and high awareness rating and
low awareness rating trials (for the visual awareness analysis) by randomly selecting from the higher likelihood
outcome the same number of trials present for the lower
likelihood outcome. This resulted in an average equalized
number of trials per outcome across participants of 201
(minimum ⫽ 128, maximum ⫽ 281) for visual awareness
eNeuro.org
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(high awareness rating vs low awareness rating) and 149
(minimum ⫽ 68, maximum ⫽ 202) for accuracy (correct
and incorrect). In the second control analysis, we entered
only the stimulus contrast (one of three levels) which had
the most equal distribution of outcomes per participant
(the most equal contrast was not identical across participants). This analysis was implemented in case the differing saliency of the contrasts employed were to mask
phase opposition between outcomes when different contrasts are collapsed (as may be predicted by the model of
Jensen et al., 2012). This resulted in an average equalized
number of trials per outcome across participants of 81
(minimum ⫽ 63, maximum ⫽ 95) for visual awareness
(high awareness rating vs low awareness rating) and 68
(minimum ⫽ 39, maximum ⫽ 87) for accuracy (correct vs
incorrect).

Results
Behavioral results
After the threshold assessment, the mean luminance
value chosen corresponded to 0.0427% of the maximal
contrast of the light/dark patches for 25% detection performance, 0.0491% for 50% and 0.0575% for 75%
(lighter and darker stimuli collapsed together). Figure 1B
plots the group-averaged proportion of correct responses
(left plot) and mean awareness ratings (right plot) as a
function of stimulus contrast (25%, 50%, and 75% of
detection threshold) and Figure 1C plots the same measures (accuracy data ⫽ top plot, awareness rating data ⫽
bottom plot) as a function of both stimulus contrast and
time-on-task (first half of experiment ⫽ black lines, second half ⫽ red lines) to account for potential effects of
time-on-task (Benwell et al., 2017). Both accuracy and
awareness ratings linearly increased from low to high
stimulus contrast (Fig. 1B). These effects were similar in
both the first and second halves of the experiment (Fig.
1C).
The repeated measures ANOVA on the proportion of
correct responses (discrimination accuracy) revealed a
significant main effect of stimulus contrast (F(1,26) ⫽
42.244, p ⬍ 0.001,p2 ⫽ 0.765, linear contrast: F(1,13) ⫽
83.04, p ⬍ 0.001,p2 ⫽ 0.865), no effect of time-on-task
(F(1,26) ⫽ 0.343, p ⫽ 0.568,p2 ⫽ 0.026) and no stimulus
contrast ⫻ time-on-task interaction (F(1,26) ⫽ 0.444, p ⫽
0.646,p2 ⫽ 0.033). Pairwise comparisons employed to
analyze the simple effects of contrast revealed increases
in the proportion of correct responses from the 25%–50%
(t(13) ⫽ 4.521, p ⫽ 0.001, Cohen’s d ⫽ 1.301), the 25%–
75% (t(13) ⫽ 10.496, p ⬍ 0.001, Cohen’s d ⫽ 2.806) and
the 50%–75% (t(13) ⫽ 4.955, p ⬍ 0.001, Cohen’s d ⫽
1.564) contrast conditions. Hence, the experimental manipulation of stimulus contrast led to a corresponding
increase in discrimination accuracy and this effect was
not modulated by time-on-task.
The repeated measures ANOVA on the mean PAS ratings (subjective awareness) revealed a significant main
effect of stimulus contrast (F(1,26) ⫽ 87.803, p ⬍ 0.001,
p2 ⫽ 0.871, linear contrast: F(1,13) ⫽ 171.571, p ⬍ 0.001,p2 ⫽
0.93), no effect of time-on-task (F(1,26) ⫽ 0.001, p ⫽ 0.973,
p2 ⬍ 0.001) and no stimulus contrast ⫻ time-on-task
November/December 2017, 4(6) e0182-17.2017
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interaction (F(1,26) ⫽ 1.671, p ⫽ 0.208,p2 ⫽ 0.114). Pairwise comparisons were again employed to analyze the
simple effects of contrast. These revealed increases in
mean PAS rating from the 25%–50% (t(13) ⫽ 5.577, p ⬍
0.001, Cohen’s d ⫽ 1.573), the 25%–75% (t(13) ⫽ 13.086,
p ⬍ 0.001, Cohen’s d ⫽ 3.58) and the 50%–75% (t(13) ⫽
7.719, p ⬍ 0.001, Cohen’s d ⫽ 2.073) contrast conditions.
Hence, the experimental manipulation of stimulus contrast led to a corresponding increase in PAS ratings and
this effect was not modulated by time-on-task.
EEG results
Prestimulus power predicts visual awareness ratings but
not discrimination accuracy
The initial model tested included both accuracy and
PAS ratings along with their interaction term as predictors
of EEG power. However, no significant interaction clusters
were identified and so the subsequent results are from a
model without the interaction term, allowing for estimation
of the relationships between EEG power and PAS ratings
and accuracy, respectively. Figure 2A, left panel, plots t
values averaged across all 60 electrodes at each time
point (from ⫺1 to ⫹1 s poststimulus) denoting the
strength of the EEG power, PAS rating relationship,
across frequencies of 3– 40 Hz. These t values represent
group-level tests of whether regression coefficients (EEG
power vs PAS rating) from the individual single-trial analyses show a systematic linear relationship (i.e., are significantly different from 0) across participants. We found a
negative relationship between EEG power and subjective
awareness (i.e., low power was associated with high PAS
ratings and high power with low PAS ratings) throughout
the epoch (cluster statistic ⫽ ⫺196751, p ⫽ 0.0005). In
the prestimulus period of interest (⫺1:0 s relative to stimulus onset), the effect spanned from 3–28 Hz and was
widely distributed over all electrodes as indicated by the
topographical representation of the effect (data averaged over all time-frequency points included in the
cluster from ⫺1 to ⫺0.2 s relative to stimulus onset; Fig.
2A, upper right map). Figure 2A, lower right map, plots
the scalp topography of the difference in ␣ (8-14 Hz)
power between high PAS rating trials (ratings 2 and 3)
and low PAS rating trials (ratings 0 and 1) during the
same prestimulus period (-1:-0.2 s). Figure 2B, left
panel, plots the group averaged frequency spectra
computed separately for high PAS rating trials (red
lines) and low PAS rating trials (black lines) from the
data point corresponding to the peak t value in the
prestimulus cluster (electrode P7, ⫺0.84 s). Compared
to low PAS rating trials, high PAS rating trials were
associated with decreased prestimulus ␣ power. This
effect was highly consistent across participants as
shown by the scatterplot (Fig. 2B, right panel) of the
difference in mean 10-Hz power between high and low
PAS rating trials for each participant.
In contrast, no relationship was found between EEG
power and discrimination accuracy in any of the timefrequency ranges examined [see Fig. 2C, left panel, for
time-frequency plot, and right panel, for the scalp topography of the difference in ␣ (8-14 Hz) power between
correct and incorrect trials during the prestimulus period,
eNeuro.org
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Figure 2. Relationship between oscillatory power and perception. A, The results of a single-trial regression analysis revealed that
prestimulus power was negatively correlated with visual awareness ratings (i.e., high power was associated with low PAS ratings and
low power with high PAS ratings, black contour denotes significant cluster-corrected effects; p ⬍ 0.05). Stimulus onset is highlighted
by a vertical black dashed line. The bottom inset plots the time course of the percentage of electrode-frequency points within the
significant cluster with BFs showing evidence for the null (H0: no EEG/awareness relationship; dashed red line) and alternative
hypotheses, respectively (H1: significant EEG/awareness relationship; solid blue line). As expected, the percentage of data points
providing evidence for H1 far outnumbered those providing evidence for H0. The prestimulus effect was widely distributed over all
electrodes as indicated by the topographical representation of the effect (upper right panel; electrodes included in the significant
cluster are highlighted in white). The lower right panel plots the scalp topography of the group-average difference in prestimulus ␣
(8 –14 Hz) power between high PAS rating (ratings 2 and 3) trials and low PAS rating (ratings 0 and 1) trials. B, Group-averaged
frequency spectra computed separately for high PAS rating trials (red lines) and low PAS rating trials (black lines). Compared to low
PAS rating trials, high PAS rating trials were associated with decreased prestimulus ␣ power. This effect was highly consistent across
participants as shown by the scatterplot (right panel; black dot represents the mean difference value) of the difference in mean 10-Hz
power between high and low PAS rating trials for each participant. C, No relationship was found between EEG power and
discrimination accuracy in any of the time-frequency ranges examined. The bottom inset plots the time course of the percentage of
electrode-frequency points from the significant EEG/awareness cluster with BFs showing evidence for the null (H0: no EEG/accuracy
relationship; dashed red line) and alternative hypotheses, respectively (H1: significant EEG/accuracy relationship; solid blue line). The
percentage of data points providing evidence for H0 far outnumbers those providing evidence for H1. The right panel plots the scalp
topography of the difference in prestimulus ␣ power between correct and incorrect trials. D, Group-averaged frequency spectra
computed separately for correct (red lines) and incorrect trials (black lines). No difference in power was observed between correct and
incorrect trials. The right panel plots the difference in mean 10-Hz power between correct and incorrect trials for each participant
(black dot represents the mean difference value).

i.e., ⫺1:– 0.2 s]. Figure 2D, left panel, plots the group
averaged frequency spectra computed separately for correct (red lines) and incorrect trials (black lines) from the
data point corresponding to the peak t value in the visual
awareness analysis (electrode P7, ⫺0.84 s). No difference
in power was observed between correct and incorrect
November/December 2017, 4(6) e0182-17.2017

trials (see also the scatterplot in Fig. 2D of the difference
in mean 10-Hz power between correct and incorrect trials
for each participant).
To provide direct evidence as to whether the lack of an
effect in the accuracy analysis truly reflected a null result
or rather data insensitivity, an additional Bayesian analyeNeuro.org
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Figure 3. Confirmation of the relationship between oscillatory power and perception from separate regression models with EEG
predicting behavior. A, A single-trial linear regression analysis with EEG as a predictor of visual awareness ratings confirmed the
negative relationship (i.e., high power was associated with low PAS ratings and low power with high PAS ratings, black contour
denotes significant cluster-corrected effects; p ⱕ 0.05). The bottom inset plots the time course of the percentage of electrodefrequency points within the significant cluster with BFs showing evidence for the null (H0: no EEG/awareness relationship; dashed red
line) and alternative hypotheses, respectively (H1: significant EEG/awareness relationship; solid blue line). The percentage of data
points providing evidence for H1 far outnumbered those providing evidence for H0. B, A single-trial logistic regression analysis with
EEG as a predictor of accuracy did not reveal any prestimulus relationship. The bottom inset plots the time course of the percentage
of electrode-frequency points from the significant EEG/awareness cluster with BFs showing evidence for the null (H0: no EEG/
accuracy relationship; dashed red line) and alternative hypotheses, respectively (H1: significant EEG/accuracy relationship; solid blue
line). The percentage of prestimulus data points providing evidence for H0 far outnumbers those providing evidence for H1.

sis was performed. Here, we assumed that any effect of
EEG on accuracy is likely to coincide in electrode-timefrequency space with the effect of EEG on visual awareness. Therefore, for those electrode-frequency points
included in the significant negative cluster from the
awareness analysis, we calculated at each time point the
percentage showing evidence for H0 (no EEG/behavior
relationship) and H1 (EEG/behavior relationship), respectively. As expected, for the awareness analysis (from
which the cluster was derived), the percentage of data
points providing evidence for H1 far outnumbered those
providing evidence for H0 (Fig. 2A, left panel, bottom
inset). However, the reverse was true for the accuracy
analysis where the percentage of data points providing
evidence for H0 now far outnumbered those providing
evidence for H1 (Fig. 2C, left panel, bottom inset). This
analysis provided strong evidence that prestimulus EEG
power had no effect on discrimination accuracy.
These prestimulus results were further supported by
additional analyses in which we reversed the predictor
and outcome variables in separate regression models for
each behavioral measure. When EEG power was entered
as the predictor and the behavioral measure as the outcome variable for both PAS ratings (Fig. 3A) and accuracy
(Fig. 3B) separately, a negative relationship was again
found between prestimulus power and PAS ratings but
not between prestimulus power and accuracy. The negative poststimulus relationship between EEG power and
accuracy, which was not present in the multiple regression analysis (compare Figs. 3B, 2C), may be primarily
explained by the awareness ratings not being controlled
for when accuracy was entered into the regression model
alone. Hence, most of the poststimulus covariance between EEG power and accuracy may be accounted for by
the awareness ratings or processes related to both
November/December 2017, 4(6) e0182-17.2017

awareness and accuracy. However, even when awareness ratings were not controlled for in the accuracy
measure, there was still no evidence for a significant
relationship with prestimulus activity, providing further
evidence that a relationship exists between prestimulus
EEG power and visual awareness ratings which is independent of accuracy.
To further investigate the effect of prestimulus power
(3–28 Hz) on perception, and any interaction this effect
may have with stimulus features such as luminance or
contrast, we performed an additional median power split
ANOVA using the single-trial data from the prestimulus
(⫺1:0 s) portion of the significant cluster. The proportion
of correct responses and mean PAS rating were calculated separately for each luminance/contrast combination
in each power bin (above and below median 3- to 28-Hz
power). Figure 4 displays the group mean PAS ratings
(Fig. 4A) and proportion of correct responses (Fig. 4B) per
high power trials (black dots/lines) and low power trials
(red dots/lines) at each contrast for both luminance decrements (left column) and increments (right column). A
repeated measures ANOVA on the PAS ratings revealed a
significant main effect of prestimulus power (F(1,13) ⫽
22.05, p ⬍ 0.001,p2 ⫽ 0.629), a significant main effect of
contrast (F(2,26) ⫽ 86.357, p ⬍ 0.001,p2 ⫽ 0.87, linear
contrast: F(1,13) ⫽ 167.482, p ⬍ 0.001,p2 ⫽ 0.93), no
significant main effect of luminance direction (F(1,13) ⫽
0.126, p ⫽ 0.728,p2 ⫽ 0.01) and a significant prestimulus
power ⫻ contrast interaction (F(2,26) ⫽ 5.434, p ⫽ 0.011,
p2 ⫽ 0.295). Post hoc pairwise comparisons employed to
explore the interaction term showed that PAS ratings
(collapsed across luminance conditions) were significantly
lower for high than for low power trials in the 75% (t(13) ⫽
⫺4.314, p ⫽ 0.001, Cohen’s d ⫽ ⫺1.169) and 50% (t(13) ⫽
⫺4.179, p ⫽ 0.001, Cohen’s d ⫽ ⫺1.164) contrasts but
eNeuro.org
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Figure 4. The inverse prestimulus power/PAS rating relationship is dependent on stimulus intensity. Group averaged PAS ratings (A)
and proportion of correct responses (B) per above (black dots) and below (red dots) median power trials (single-trial power averaged
over prestimulus portion of significant power/PAS cluster) are plotted as a function of stimulus contrast (25%, 50%, and 75% of
detection threshold) separately for both luminance decrements (left column) and increments (right column). The analysis revealed that
the inverse prestimulus power/subjective awareness relationship is not dependent on the luminance of the stimulus relative to the
background (i.e., darker or lighter) but is dependent on the stimulus intensity, being present for higher but not for the lowest level of
stimulus intensity. Again, no evidence for an effect of prestimulus power on accuracy was found. All error bars indicate within-subject
⫾ SEM.

not for the 25% contrast (t(13) ⫽ ⫺0.1.959, p ⫽ 0.072,
Cohen’s d ⫽ ⫺0.547). No interaction between prestimulus
power and luminance direction was detected (F(1,13) ⫽
2.558, p ⫽ 0.134,p2 ⫽ 0.164). Hence, this analysis revealed that the inverse prestimulus power/subjective
awareness relationship is not dependent on the luminance of the stimulus relative to the background (i.e.,
darker or lighter) but is dependent on the stimulus intensity, being present for higher levels but not for the lowest
level of stimulus intensity.
A repeated measures ANOVA on the proportion of correct responses revealed a significant main effect of contrast (F(2,26) ⫽ 50.683, p ⬍ 0.001,p2 ⫽ 0.796, linear
contrast: F(1,13) ⫽ 114.459, p ⬍ 0.001,p2 ⫽ 0.9) but no
significant main effects of either prestimulus power (F(1,13) ⫽
0.309, p ⫽ 0.588,p2 ⫽ 0.023) or luminance direction (F(1,13) ⫽
0.889, p ⫽ 0.363,p2 ⫽ 0.064) as well as no significant
interactions (all p ⬎ 0.05). Hence, no evidence for an
November/December 2017, 4(6) e0182-17.2017

effect of prestimulus power on accuracy was found, in line
with the results of the regression analyses.
Catch trial analysis
Figure 5A plots t values (averaged across all 60 electrodes) representing group-level tests of whether regression coefficients (EEG power vs catch trial PAS rating)
from the individual single-trial analyses show a systematic
linear relationship across participants. No significant relationship was found between EEG power and PAS ratings
on catch trials in the time-frequency range examined in
the cluster-based regression analysis. The percentage of
data points providing evidence for H0 far outnumbered
those providing evidence for H1 (Fig. 5A, bottom inset).
The difference in catch trial PAS ratings between the high
and low power bins of the prestimulus (-1:0 s) portion of
the significant EEG power/awareness cluster are depicted
in Figure 5B. The mean PAS ratings were 0.1392 for the
high power catch trials and 0.1271 for the low power
eNeuro.org
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Figure 5. No relationship between oscillatory power and awareness ratings during catch trials. A, The results of a single-trial
regression analysis revealed that prestimulus power did not significantly covary with visual awareness ratings during catch trials.
Stimulus onset is highlighted by a vertical black dashed line. The bottom inset plots the time course of the percentage of
electrode-frequency points from the significant noncatch trial EEG/awareness cluster with BFs showing evidence for the null (H0: no
EEG/catch trial PAS rating relationship; dashed red line) and alternative hypotheses, respectively (H1: significant EEG/catch trial PAS
rating relationship; solid blue line). The percentage of data points providing evidence for H0 far outnumbers those providing evidence
for H1. B, Difference in mean PAS rating between above and below median power trials for each participant (black dot represents the
mean difference value).

catch trials, respectively. A paired-samples t test revealed
no significant difference in PAS ratings between high and
low power catch trials (t(13) ⫽ 0.5097, p ⫽ 0.6188, Cohen’s
d ⫽ 0.158). Overall, no evidence was found for prestimulus EEG power influencing visual awareness ratings during catch trials.
Prestimulus phase does not predict visual awareness
ratings or discrimination accuracy
Figure 6 plots time-frequency maps of p values (averaged over all electrodes) from the phase opposition sum
(POS) analysis. These values represent group-level tests
of whether high (2 and 3) versus low (0 and 1) PAS rating
trials (Fig. 6A) or correct versus incorrect trials (Fig. 6B)
tend to be phase locked to different (and hence preferred)
phase angles. The statistical analysis was restricted to
prestimulus time points and no p values survived multiple
comparison correction for either measure. This was the
case for the analyses with all trials included (top row) and
remained true also for the analyses in which relative trial
numbers were equated between the two outcomes (middle row) and when only data from the contrast with the
most even perceptual outcome split were included (bottom row). Hence, we found no evidence that prestimulus
phase predicted either visual awareness ratings or discrimination accuracy.

Discussion
We investigated the effects of prestimulus oscillatory
activity on both discrimination accuracy and perceptual
awareness ratings during performance of a 2-AFC luminance discrimination task. Single-trial regression analysis
revealed an inverse relationship between prestimulus
power (⬃3-28 Hz) and subjective awareness ratings, but
no relationship between prestimulus power and discrimiNovember/December 2017, 4(6) e0182-17.2017

nation accuracy. Additionally, a phase opposition analysis
found no evidence for a relationship between prestimulus
phase and either subjective awareness ratings or discrimination accuracy. The results provide insights as to the
processes by which prestimulus oscillatory activity influences perception and also highlight a neural dissociation
between prestimulus predictors of subjective awareness
and objective performance.
Prestimulus EEG power predictors of perception
Prestimulus oscillatory activity in the ␣-band has repeatedly been shown to predict perceptual outcome (Ergenoglu et al., 2004; Thut et al., 2006; Van Dijk et al.,
2008; Busch et al., 2009; Thut et al., 2012; Capilla et al.,
2014; Limbach and Corballis, 2016; Iemi et al., 2017).
Emerging evidence from studies employing psychophysical modeling techniques suggests that prestimulus ␣
power primarily biases perception by influencing the decision criterion and not perceptual sensitivity (Lange et al.,
2013; Chaumon and Busch, 2014; Limbach and Corballis,
2016; Sherman et al., 2016; Craddock et al., 2017; Iemi
et al., 2017; Samaha et al., 2017). Iemi et al. (2017)
formally tested two different models of ␣ power on perception, namely a “baseline” model in which ␣ power
influences perception via modulation of baseline neural
excitability and a “precision” model in which ␣ power
influences the precision of neural responses to task relevant stimuli. Using a combination of detection and discrimination tasks with perithreshold stimuli across two
experiments, Iemi et al. (2017) found strong evidence in
support of the baseline model by which decreased prestimulus ␣ power (indexing high baseline neural excitability; Romei et al., 2008; Haegens et al., 2011; Lange et al.,
2013) results in a more liberal criterion for detecting the
eNeuro.org
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Figure 6. No relationship between prestimulus oscillatory phase and perception. A, Time-frequency maps of p values (averaged over
all participants and electrodes) from the visual awareness POS analyses. These values represent group-level tests of whether high (2
and 3) versus low (0 and 1) PAS rating trials tend to be phase locked to different (and hence preferred) phase angles. Stimulus onset
is highlighted by a vertical black dashed line. B, p values corresponding to the accuracy POS analyses. Both the visual awareness
and accuracy analyses were performed on data with all trials included for each participant (top row), data where the trial numbers for
each outcome were equalized within participants (middle row) and data from only the contrast level with the most even outcome split
within participants (bottom row). No significant differences in prestimulus phase angle were found between high and low awareness
rating trials, nor between correct and incorrect trials. Note that the statistical analysis was always restricted to prestimulus time points.

presence of a target (regardless of whether this perception is veridical or not), with no change in discrimination
sensitivity. Our data are congruent with this, suggesting
that prestimulus power influences subjective awareness
of stimuli while not necessarily influencing the ability of
observers to discriminate task-relevant stimulus features.
A baseline excitability dependent change in response bias
may arise either at the nonsensory levels of decision
strategy and metacognition or at the level of perceptual
experience and stimulus visibility. We argue that our results are in line with the latter interpretation. We found no
effect of EEG power on subjective awareness ratings
during catch trials (i.e., when no stimulus was presented).
Furthermore, the negative relationship between prestimulus
power and awareness was only present for the strongest
stimulus intensities. Hence, the relationship depended on
there being a stimulus presented and how strong this stimNovember/December 2017, 4(6) e0182-17.2017

ulus was. This finding is not in line with a simple change in
decision criterion but rather a response gain of stimulus
visibility (see Chaumon and Busch, 2014 for a similar
finding). Interestingly, Iemi and Busch (2017) recently employed a two-interval forced choice (2IFC) task and also
found that the effect of prestimulus power on psychophysical performance is likely to represent a change in
perceptual experience rather than a change in the decision strategy alone. It appears that the sensory information required to make discrimination judgments is not
modulated by prestimulus power, whereas the level to
which the stimulus reaches conscious awareness depends on baseline neural excitability.
Our results are also in line with those of Samaha et al.
(2017), who found that prestimulus power was negatively
correlated with decision confidence in a 2-AFC orientation
discrimination task but was not correlated with decision
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accuracy. Although decision confidence and visual awareness
ratings can sometimes be partially dissociated (Ramsøy
and Overgaard, 2004; Zehetleitner and Rausch, 2013;
Jachs et al., 2015; Rausch and Zehetleitner, 2016), they
are likely to be correlated for many tasks in participants
with intact visual systems. Hence, a parsimonious explanation for the results of Samaha et al. (2017) and the
current study, also in line with the SDT studies discussed
above, is that prestimulus power affects subjective measures of psychophysical performance (i.e., awareness and
confidence ratings) but does not affect objective measures (i.e., decision accuracy). This somewhat counterintuitive effect is congruent with a recently proposed
Bayesian heuristic framework for decision confidence
generation (Maniscalco et al., 2016; see also Zylberberg
et al., 2012 and Fleming and Daw, 2017) in which the
relative separation between the distributions of evidence
in favor of each response in a 2-AFC task (i.e., patch darker
or lighter in the current experiment) can remain stable while
both distributions are shifted on a second dimension which
determines the subjective awareness of the stimulus and
confidence in the decision. Under this model, dissociation is
possible between perceptual awareness/confidence and
decision accuracy, which can account for observed suboptimal subjective measures of performance in perceptual discrimination tasks (Lau and Passingham, 2006; Rahnev et al.,
2012; Zylberberg et al., 2014; Maniscalco and Lau, 2016;
Maniscalco et al., 2016; Fleming and Daw, 2017). We propose that prestimulus power may primarily influence this
second dimension (absolute awareness/evidence) and
hence represent a predictor of the level of subjective awareness of an upcoming stimulus dissociable from neural predictors of objective performance.
Prestimulus power predicting visual awareness: a
specific ␣-band phenomenon?
Although the relationship we observed here between
prestimulus power and visual awareness ratings was
strongest in the classical ␣-band (⬃8-12 Hz), it was widespread both topographically and in terms of frequency,
spanning a wide range from 3-28 Hz. This is in line with
previous studies on the effects of prestimulus power on
perception which have also found negative relationships
centered on, but not restricted to, the ␣-band (Limbach
and Corballis, 2016; Iemi et al., 2017; Samaha et al.,
2017). The broad-band nature of the effect, along with the
fact that it was observed over almost the entire scalp (i.e.,
it is spatially nonspecific), may further suggest that it
indexes fluctuations in neural excitability (Becker et al.,
2011; Haegens et al., 2011; Becker et al., 2015; Iemi et al.,
2017) and/or a global preparatory effect related to attention and conscious perception (He and Raichle, 2010),
rather than a functionally relevant “oscillator” restricted to
a narrow frequency band. This interpretation may also
explain the lack of a relationship between oscillatory
phase and perception because phase effects would be
expected to be more tightly linked to an oscillation at a
specific frequency.
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Prestimulus power influencing visual awareness
rather than accuracy: a generalizable finding?
It should be noted that in the present study, the stimulus always appeared on the same (right) side of the
screen and hence was entirely spatially predictable. In
situations where attention is endogenously oriented to a
certain spatial location (e.g., left or right hemifield) but
there is some uncertainty about where the stimulus will
appear, ipsilateral reduction/contralateral enhancement in
cortical excitability (indexed by increase/decrease in ␣
power, respectively) results in processing that is biased in
favor of one hemifield versus the other (increasing detection rates and/or reducing reaction times for stimuli at
attended positions; Worden et al., 2000; Sauseng et al.,
2005; Kelly et al., 2006; Thut et al., 2006; Rihs et al., 2007;
Foxe and Snyder, 2011). Converging evidence suggests
that this effect represents a top-down control process
(Capotosto et al., 2009; Marshall et al., 2015; van Diepen
et al., 2016) that only occurs when irrelevant spatial regions actively compete with relevant spatial regions for
limited attentional resources (Jensen and Mazaheri, 2010;
Slagter et al., 2016), as is the case for probabilistic cueing
tasks. A potentially interesting line of future research
would be to test whether the predictions of the baseline
model (i.e., ␣ influencing criterion and not sensitivity; Iemi
et al., 2017) also hold for stimuli presented at cued spatial
locations.
It is also important to note that we only tested here for
linear relationships between our EEG and perceptual
measures and hence we cannot rule out the possibility
that a nonmonotonic relationship between prestimulus
power and visual sensitivity may exist (LinkenkaerHansen et al., 2004; Rajagovindan and Ding, 2011; Snyder et al., 2015). Additionally, the relationship between
prestimulus activity and perception is likely to depend on
the context and specific task demands as well as the
underlying neural sources/mechanisms modulating oscillatory power (Mo et al., 2011; Lundqvist et al., 2013). For
example, recent studies provide evidence that prestimulus ␣ power encodes biases of upcoming sensory decisions induced by top-down predictions (Mayer et al.,
2016) and predicts serial dependence (De Lange et al.,
2013) and long-term nonstationarity of psychophysical
performance (Benwell et al., 2017). Hence, the existence
and direction of relationships between prestimulus EEG
power and visual perception may depend on the context
and nature of the task being performed.
No relationship between prestimulus phase and
perception
We found no evidence that prestimulus oscillatory
phase predicts either subjective awareness or decision
accuracy. A phase opposition analysis did not indicate
that different perceptual outcomes (“high” vs “low”
awareness ratings and correct vs incorrect responses)
were phase-locked to different phase angles, such as was
the case for detection “hits” versus “misses” before stimulus onset in Busch et al. (2009; see also Mathewson
et al., 2011; VanRullen et al., 2011). One characteristic of
the task that may have precluded phase from influencing
eNeuro.org
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perception was the temporal predictability of stimulus
onset (i.e., there was always the same interval between
the onset of the fixation cross and the stimulus, as the
warning tone always occurred one second before stimulus onset). This may have limited spontaneous differences
in phase angle distributions from influencing perceptual
outcomes. In contrast to ␣ power, van Diepen et al. (2015)
recently found evidence against top-down modulation of
␣ phase as a mechanism for attentional selection using a
series of cueing paradigms with temporally predictable
targets (although see Samaha et al., 2015). We therefore
conclude that if phase does influence visual awareness or
discrimination accuracy of perithreshold stimuli, then the
effect must be weak in comparison to the effect of power
(in line with Busch et al., 2009; Chaumon and Busch,
2014; see also Milton and Pleydell-Pearce, 2016). Additionally, there is some evidence that phase only influences
perception in certain states of ␣ power and attentional
focus (Mathewson et al., 2009; Kizuk and Mathewson,
2017) and that previously observed prestimulus phase/
perception relationships may have been overemphasized
due to contamination of the filtered signal by targetevoked phase differences (Brüers and VanRullen, 2017).
Hence, it is conceivable that the proposal that prestimulus
phase angles (measurable with EEG) index perceptual or
attentional cycles (Varela et al., 1981; VanRullen and
Koch, 2003; Schroeder and Lakatos, 2009; Jensen et al.,
2012) applies only under particular conditions, rather than
representing a generally observable mechanism present
in spontaneous EEG activity in the absence of visual
input.

Conclusion
The results of the current study add to a growing body
of evidence suggesting that prestimulus ␣ power negatively correlates with subjective measures of perception
but does not correlate with objective measures. This intriguing finding suggests a dissociation between neural
predictors of conscious awareness and task performance. We found no evidence for an effect of prestimulus
phase on perception and hence conclude that any such
effect is not as strong/consistent as the effect of power.

References
Babiloni C, Vecchio F, Bultrini A, Romani GL, Rossini PM (2006) Preand poststimulus alpha rhythms are related to conscious visual
perception: a high resolution EEG study. Cereb Cortex 16:1690 –
1700.
Becker R, Reinacher M, Freyer F, Villringer A, Ritter P (2011) How
ongoing neuronal oscillations account for evoked fMRI variability.
J Neurosci 31:11016 –11027. CrossRef Medline
Becker R, Knock S, Ritter P, Jirsa V (2015) Relating alpha power and
phase to population firing and hemodynamic activity using a
thalamo-cortical neural mass model. PLoS Comput Biol 11:
e1004352. CrossRef Medline
Bell AJ, Sejnowski TJ (1995) An information-maximization approach
to blind separation and blind deconvolution. Neural Comput
7:1129 –1159. Medline
Benjamini Y, Yekutieli D (2001) The control of the false discovery rate
in multiple testing under dependency. Ann Statist 29:1165–1188.
CrossRef
Benwell CSY, Harvey M, Gardner S, Thut G (2013) Stimulus- and
state-dependence of systematic bias in spatial attention: additive
November/December 2017, 4(6) e0182-17.2017

15 of 17

effects of stimulus-size and time-on-task. Cortex 49:827–836.
CrossRef Medline
Benwell CSY, Keitel C, Harvey M, Gross J, Thut G (2017) Trial-by-trial
co-variation of pre-stimulus EEG alpha power and visuospatial
bias reflects a mixture of stochastic and deterministic effects. Eur
J Neurosci Advance online publication. Retrieved Sep 9, 2017.
CrossRef Medline
Bompas A, Sumner P, Muthumumaraswamy SD, Singh KD, Gilchrist
ID (2015) The contribution of pre-stimulus neural oscillatory activity
to spontaneous response time variability. Neuroimage 107:34 –45.
CrossRef Medline
Brainard DH (1997) The psychophysics toolbox. Spat Vis 10:433–
436. Medline
Brüers S, VanRullen R (2017) At what latency does the phase of brain
oscillations influence perception? eNeuro 4. CrossRef
Busch NA, Dubois J, VanRullen R (2009) The phase of ongoing EEG
oscillations predicts visual perception. J Neurosci 29:7869 –7876.
CrossRef Medline
Capilla A, Schoffelen J-M, Paterson G, Thut G, Gross J (2014)
Dissociated ␣-band modulations in the dorsal and ventral visual
pathways in visuospatial attention and perception. Cereb Cortex
24:550 –561. CrossRef Medline
Capotosto P, Babiloni C, Romani GL, Corbetta M (2009) Frontoparietal cortex controls spatial attention through modulation of anticipatory alpha rhythms. J Neurosci 29:5863–5872. CrossRef
Medline
Chaumon M, Busch NA (2014) Prestimulus neural oscillations inhibit
visual perception via modulation of response gain. J. Cogn Neurosci 26:2514 –2529. CrossRef
Craddock M, Poliakoff E, El-deredy W, Klepousniotou E, Lloyd DM
(2017) Pre-stimulus alpha oscillations over somatosensory cortex
predict tactile misperceptions. Neuropsychologia 96:9 –18. CrossRef Medline
De Lange FP, Rahnev DA, Donner TH, Lau H (2013) Prestimulus
oscillatory activity over motor cortex reflects perceptual expectations. J. Neurosci 33:1400 –1410. CrossRef Medline
Ergenoglu T, Demiralp T, Bayraktaroglu Z, Ergen M, Beydagi H,
Uresin Y (2004) Alpha rhythm of the EEG modulates visual detection performance in humans. Brain Res Cogn Brain Res 20:376 –
383. CrossRef Medline
Fisher RA (1925) Statistical methods for research workers. Edinburgh: Oliver and Boyd.
Fleming SM, Daw ND (2017) Self-evaluation of decision-making: a
general Bayesian framework for metacognitive computation. Psychol Rev 124:91–114. CrossRef Medline
Foxe JJ, Snyder AC (2011) The role of alpha-band brain oscillations
as a sensory suppression mechanism during selective attention.
Front Psychol 2:154. CrossRef Medline
Green DM, Swets JA (1966) Signal detection theory and psychophysics. New York: Wiley.
Haegens S, Nácher V, Luna R, Romo R, Jensen O (2011)
␣-Oscillations in the monkey sensorimotor network influence discrimination performance by rhythmical inhibition of neuronal spiking. Proc Natl Acad Sci USA 108:19377–19382. CrossRef
He BJ, Raichle ME (2010) The slow cortical potential hypothesis on
consciousness. In: New horizons in the neuroscience of consciousness (Perry E, Collerton D, LeBeau F, Ashton H, eds), pp
3-16. Amsterdam, Philadelphia: John Benjamins Publishing Company.
Iemi L, Busch NA (2017) Moment-to-moment fluctuations in neuronal
excitability bias subjective perception rather than decisionmaking. CrossRef bioRxiv.151324
Iemi L, Chaumon M, Crouzet SM, Busch NA (2017) Spontaneous
neural oscillations bias perception by modulating baseline excitability. J Neurosci 37:807–819. CrossRef
Jachs B, Blanco MJ, Grantham-Hill S, Soto D (2015) On the independence of visual awareness and metacognition: a signal detection theoretic analysis. J Exp Psychol Hum Percept Perform 41:
269 –276. CrossRef
eNeuro.org

New Research
Jensen O, Mazaheri A (2010) Shaping functional architecture by
oscillatory alpha activity: gating by inhibition. Front Hum Neurosci
4:186. CrossRef Medline
Jensen O, Bonnefond M, VanRullen R (2012) An oscillatory mechanism for prioritizing salient unattended stimuli. Trends Cogn Sci
16:200 –206. CrossRef Medline
Kelly SP, Lalor EC, Reilly RB, Foxe JJ (2006) Increases in alpha
oscillatory power reflect and active retinotopic mechanism for
distracter suppression during sustained visuospatial attention. J
Neurophysiol 95:3844 –3851. CrossRef
Kizuk SAD, Mathewson KE (2017) Power and phase of alpha oscillations reveal an interaction between spatial and temporal visual
attention. J Cogn Neurosci 29:480 –494. CrossRef
Lange J, Oostenveld R, Fries P (2013) Reduced occipital alpha
power indexes enhanced excitability rather than improved visual
perception. J Neurosci 33:3212–3220. CrossRef Medline
Lau HC, Passingham RE (2006) Relative blindsight in normal observers and the neural correlate of visual consciousness. Proc Natl
Acad Sci USA 103:18763–18768. CrossRef Medline
Limbach K, Corballis PM (2016) Prestimulus alpha power influences
response criterion in a detection task. Psychophysiology 53:1154 –
1164. CrossRef Medline
Linkenkaer-Hansen K, Nikulin VV, Palva S, Ilmoniemi RJ, Palva JM
(2004) Prestimulus oscillations enhance psychophysical performance in humans. J Neurosci 24:10186 –10190. CrossRef Medline
Lundqvist M, Herman P, Lansner A (2013) Effect of prestimulus alpha
power, phase, and synchronization on stimulus detection rates in
a biophysical attractor network model. J Neurosci 33:11817–
11824. CrossRef
Maniscalco B, Lau HC (2016) The signal processing architecture
underlying subjective reports of sensory awareness. Neurosci
Conscious 2016:niw002.
Maniscalco B, Peters MA, Lau HC (2016) Heuristic use of perceptual
evidence leads to dissociation between performance and metacognitive sensitivity. Atten Percept Psychophys 78:923–937.
CrossRef
Maris E, Oostenveld R (2007) Nonparametric statistical testing of
EEG- and MEG-data. J Neurosci Methods 164:177–190. CrossRef
Medline
Marshall TR, O’Shea J, Jensen O, Bergmann TO (2015) Frontal eye
fields control attentional modulation of alpha and gamma oscillations in contralateral occipitoparietal cortex. J Neurosci 35:1638 –
1647. CrossRef Medline
Mathewson KE, Gratton G, Fabiani M, Beck DM, Ro T (2009) To see
or not to see: prestimulus alpha phase predicts visual awareness.
J Neurosci 29:2725–2732. CrossRef Medline
Mathewson KE, Lleras A, Beck DM, Fabiani M, Ro T, Gratton G
(2011) Pulsed out of awareness: EEG alpha oscillations represent
a pulsed-inhibition of ongoing cortical processing. Front Psychol
2:99. CrossRef Medline
Mayer A, Schwiedrzik CM, Wibral W, Singer W, Melloni L (2016)
Expecting to see a letter: alpha oscillations as carriers of top-down
sensory predictions. Cereb Cortex 26:3146 –3160. CrossRef
Milton A, Pleydell-Pearce CW (2016) The phase of pre-stimulus alpha
oscillations influences the visual perception of stimulus timing.
Neuroimage 133:53–61. CrossRef Medline
Mo J, Schroeder CE, Ding M (2011) Attentional modulation of alpha
oscillations in macaque inferotemporal cortex. J Neurosci 31:878 –
882. CrossRef
Oostenveld R, Fries P, Maris E, Schoffelen J-M (2011) FieldTrip: open
source software for advanced analysis of MEG, EEG and invasive
electrophysiological data. Comput Intell Neurosci 2011:156869.
CrossRef
Pelli DG (1997) The VideoToolbox software for visual psychophysics:
transforming numbers into movies. Spat Vis 10:437–442. Medline
Rahnev DA, Bahdo L, de Lange FP, Lau HC (2012) Prestimulus
hemodynamic activity in dorsal attention network is negatively
associated with decision confidence in visual perception. J Neurophysiol 108:1529 –1536. CrossRef
November/December 2017, 4(6) e0182-17.2017

16 of 17

Rajagovindan R, Ding M (2011) From prestimulus alpha oscillation to
visual-evoked response: an inverted-U function and its attentional
modulation. J Cogn Neurosci 23:1379 –1394. CrossRef Medline
Ramsøy TZ, Overgaard M (2004) Introspection and subliminal perception. Phenomenol Cogn Sci 3:1–23. CrossRef
Rausch M, Zehetleitner M (2016) Visibility is not equivalent to confidence in a low contrast orientation discrimination task. Front
Psychol 7:591CrossRef Medline
Rihs T, Michel CM, Thut G (2007) Mechanisms of selective inhibition
in visual spatial attention are indexed by alpha-band EEG synchronization. Eur J Neurosci 25:603–610. CrossRef Medline
Romei V, Brodbeck V, Michel C, Amedi A, Pascual-Leone A, Thut G
(2008) Spontaneous fluctuations in posterior alpha-band EEG activity reflect variability in excitability of human visual areas. Cereb
Cortex 18:2010 –2018. CrossRef Medline
Rouder JN, Speckman PL, Sun D, Morey RD, Iverson G (2009)
Bayesian t tests for accepting and rejecting the null hypothesis.
Psychon Bull Rev 16:225–237. CrossRef Medline
Samaha J, Bauer P, Cimaroli S, Postle BR (2015) Top-down control
of the phase of alpha-band oscillations as a mechanism for temporal prediction. Proc Natl Acad Sci USA 112:8439 –8444. CrossRef
Samaha J, Iemi L, Postle BR (2017) Prestimulus alpha-band power
biases visual discrimination confidence, but not accuracy. Conscious Cogn 54:47–55. CrossRef
Sandberg K, Timmermans B, Overgaard M, Cleeremans A (2010)
Measuring consciousness: is one measure better than the other?
Conscious Cogn 19:1069 –1078. CrossRef Medline
Sauseng P, Klimesch W, Stadler W, Schabus M, Doppelmayr M,
Hanslmayr S, Gruber WR, Birbaumer N (2005) A shift of visual
spatial attention is selectively associated with human EEG alpha
activity. Eur J Neurosci 22:2917–2926. CrossRef Medline
Schroeder CE, Lakatos P (2009) Low-frequency neuronal oscillations
as instruments of sensory selection. Trends Neurosci 32:9 –18.
CrossRef Medline
Sherman MT, Kanai R, Seth AK, VanRullen R (2016) Rhythmic influence of top-down perceptual priors in the phase of prestimulus
occipital alpha oscillations. J Cogn Neurosci 28:1318 –1330.
CrossRef
Slagter HA, Prinssen S, Reteig LC, Mazaheri A (2016) Facilitation and
inhibition in attention: functional dissociation of pre-stimulus alpha
activity, P1, and N1 components. Neuroimage 125:25–35. CrossRef Medline
Snyder AC, Morais MJ, Willis CM, Smith MA (2015) Global network
influences on local functional connectivity. Nat Neurosci 18:736 –
743. CrossRef Medline
Tagliabue CF, Mazzi C, Bagattini C, Savazzi S (2016) Early local
activity in temporal areas reflects graded content of visual perception. Front Psychol 7:572. CrossRef Medline
Thut G, Nietzel A, Brandt SA, Pascual-Leone A (2006) Alpha-band
electroencephalographic activity over occipital cortex indexes
visuospatial attention bias and predicts visual target detection. J
Neurosci 26:9494 –9502. CrossRef Medline
Thut G, Miniussi C, Gross J (2012) The functional importance of
rhythmic activity in the brain. Curr Biol 22:658 –663. CrossRef
van Diepen RM, Cohen MX, Denys D, Mazaheri A (2015) Attention
and temporal expectations modulate power, not phase, of ongoing
alpha oscillations. J Cogn Neurosci 27:1573–1586. CrossRef
van Diepen RM, Miller LM, Mazaheri A, Geng JJ (2016) The role of
alpha activity in spatial and feature-based attention. eNeuro
3:ENEURO.0204-16.2016.
Van Dijk H, Schoffelen J-M, Oostenveld R, Jensen O (2008) Prestimulus oscillatory activity in the alpha band predicts visual discrimination ability. J Neurosci 28:1816 –1823. CrossRef Medline
VanRullen R (2016a) Perceptual cycles. Trends Cogn Sci 20:723–
735. CrossRef Medline
VanRullen R (2016b) How to evaluate phase differences between trial
groups in ongoing electrophysiological signals. Front Neurosci 10:426.
VanRullen R, Koch C (2003) Is perception discrete or continuous?
Trends Cogn Sci 7:2017–2213.
eNeuro.org

New Research
VanRullen R, Busch NA, Drewes J, Dubois J (2011) Ongoing EEG
phase as a trial-by-trial predictor of perceptual and attentional
variability. Front Psychol 2:60. CrossRef Medline
Varela FJ, Toro A, John ER, Schwartz EL (1981) Perceptual framing
and cortical alpha rhythm. Neuropsychologia 19:675–686. Medline
Worden MS, Foxe JJ, Wang N, Simpson GV (2000) Anticipatory
biasing of visuospatial attention indexed by retinotopically specific
alpha-band electroencephalography increases over occipital cortex. J Neurosci 20:1–6.

November/December 2017, 4(6) e0182-17.2017

17 of 17

Zehetleitner M, Rausch M (2013) Being confident without seeing:
what subjective measures of visual consciousness are about.
Atten Percept Psychophys 75:1406 –1426. CrossRef Medline
Zylberberg A, Barttfeld P, Sigman M (2012) The construction of
confidence in a perceptual decision. Front Integr Neurosci 6:79.
CrossRef Medline
Zylberberg A, Roelfsema PR, Sigman M (2014) Variance misperception explains illusions of confidence in simple perceptual decisions. Conscious Cogn 27:246 –253. CrossRef Medline

eNeuro.org

