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Abstract

The a phase has been theorized to reflect fluctuations in cortical excitability and thereby impose a cyclic influ-
ence on visual perception. Despite its appeal, this notion is not fully substantiated, as both supporting and op-
posing evidence has been recently reported. In contrast to previous research, this study examined the effect
of the peristimulus instead of prestimulus phase on visual detection through a real-time phase-locked stimulus
presentation (PLSP) approach. Specifically, we monitored phase data from magnetoencephalography (MEG)
recordings over time, with a newly developed algorithm based on adaptive Kalman filtering (AKF). This infor-
mation guided online presentations of masked stimuli that were phased-locked to different stages of the «
cycle while healthy humans concurrently performed detection tasks. Behavioral evidence showed that the
overall detection rate did not significantly vary according to the four predetermined peristimulus « phases.
Nevertheless, the follow-up analyses highlighted that the phase at 90° relative to 180° likely enhanced detec-
tion. Corroborating neural parietal activity showed that early interaction between «a phases and incoming stim-
uli orchestrated the neural representation of the hits and misses of the stimuli. This neural representation
varied according to the phase and in turn shaped the behavioral outcomes. In addition to directly investigating
to what extent fluctuations in perception can be ascribed to the « phases, this study suggests that phase-de-
pendent perception is not as robust as previously presumed, and might also depend on how the stimuli are
differentially processed as a result of a stimulus-phase interaction, in addition to reflecting alternations of the
perceptual states between phases.
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a Activity, a widely observed neural phenomenon, is postulated to be essential for organizing visual percep-
tion. However, our previous understanding of the functional relevance of the « phase is primarily inferred
from the prestimulus or externally entrained phase. This study monitors real-time phase activity and
presents stimuli that are phased-locked to different stages of the a cycle. This new approach allows us to in-
vestigate whether and how the « phases, during which stimuli are concurrently presented, directly lead to
behavioral and neural changes in perception. Our evidence suggests that the extent to which the « phases
affect perception depends on an early interaction between the phase and incoming stimuli, which is in-
\volved in shaping the perceptual fates of the stimuli. /
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Introduction

The phases of rhythmic brain activity are essential for the
organization of brain processes for cognitive operation
(Bollimunta et al., 2011), as the flow of information could be
conceived as being framed by the phase within a rhythmic
cycle (Schroeder and Lakatos, 2009; Thut et al., 2012). In
particular, the « phase (8—-12 Hz) is thought to reflect cortical
excitability (Lindsley, 1952; Fries, 2005; Klimesch et al.,
2007; Haegens et al.,, 2011) and exerts a moment-by-
moment influence on visual perception. Previous studies
(Varela et al., 1981; VanRullen, 2016) have proposed that in-
coming perceptual information that coincides with the «
phase indexing high excitability is amplified, whereas it is
suppressed when coinciding with the low excitability phase.
However, the idea of a phase-dependent visual perception
is still not fully substantiated (Keitel et al., 2022). Although
supporting evidence has shown that hits (detected stimuli)
or misses (undetected stimuli) are preferentially locked to
distinct o phase angles during visual detection tasks (Busch
et al., 2009; Mathewson et al., 2009; Dugué et al., 2011;
Helfrich et al., 2014; Jaegle and Ro, 2014), contrasting evi-
dence has also recently accumulated, and a negative asso-
ciation between a phases and detection rates has been
reported (Benwell et al., 2017; Ruzzoli et al., 2019; de Graaf
et al., 2020; Zazio et al., 2022).

The aforementioned controversy might reflect the limita-
tions of previous approaches (Fig. 1a). On the one hand, the
widely adopted correlation approach counterintuitively infers
the detection performance based on the a phase observed
before stimulus onset, which usually peaks up to —200ms
or more, rather than the critical phase where the stimulus is
actually presented (Busch et al., 2009; Mathewson et al.,
2009; Benwell et al., 2017; Ruzzoli et al., 2019; Zazio et al.,
2022). This limitation might reflect that offline examination of
the phase effect around stimulus onset is challenging be-
cause of the “smearing” effect caused by phase adjustment
after stimulus presentation (Brlers and VanRullen, 2017),
especially when window-based/acausal signal processing
that typically utilizes the data extended in time is employed.
In other words, the original peristimulus phase is unlikely to
be backwardly recovered offline from the mixed phase infor-
mation that is additionally composed of stimulus-driven
phase dynamics and their interactions. This issue may
hinder the correlation approach because this approach is
primarily built on trial sorting according to the offline phase,
but the peristimulus phase, when being estimated offline on
a trial-by-trial basis, cannot be properly validated because
of the “smearing” effect and is thereby rendered unknown.
On the other hand, the noninvasive brain stimulation (NIBS)
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approach may hint at a causal link between the peristimulus
«a phase and visual detection by applying external stimula-
tion, such as rhythmic stimulus stimulation and transcranial
magnetic or alternating current stimulation; such stimulation
can entrain the brain phase so that stimulus presentation is
aligned with the phase of the external stimulation (Dugué et
al., 2011; Helfrich et al., 2014; Jaegle and Ro, 2014; Spaak
et al., 2014; de Graaf et al., 2020). However, stimulation-re-
lated artifacts may concurrently contaminate ongoing brain
activity, and the magnitude of the entrainment that can be
achieved between the applied stimulation and the underly-
ing brain activity has been questioned (Bergmann and
Hartwigsen, 2021; Kasten and Herrmann, 2022). Moreover,
it remains unclear whether endogenous and externally
driven oscillations in the visual system are functionally the
same.

To address the above issues, this study employed a
phase-locked stimulus presentation (PLSP) approach to
examine the direct role of the peristimulus « phase that
naturally occurs without an external driving force during
visual detection (Zrenner et al., 2016). In principle, this ap-
proach guides stimuli presented at desired phases in real
time via magnetoencephalography (MEG) recordings (Fig.
1a). Because real-time phase estimation was performed
before actual stimulus presentation, the “smear” of post-
stimulus phase effects could be avoided. In addition, the
relation of stimulus presentation relative to the ongoing
phase was controlled and, in turn, produced specific changes
in perceptual phenomena. Therefore, the NIBS and our
approaches function in a similar manner, except that the
phase is passively monitored in real time in the latter ap-
proach rather than actively manipulated by applying ex-
ternal stimulation. A few previous studies have employed
the PLSP approach to investigate phase effects on reac-
tion times based on the fast Fourier transform (FFT) algo-
rithm (Callaway and Yeager, 1960; Dustman and Beck,
1965; Vigué-Guix et al.,, 2022). Nevertheless, in those
studies, stimuli can be better locked to a given phase be-
cause participants responded to visual flashes with
their eyes closed, and thereby, the system-specific time
lag is of less concern. To implement the PLSP approach
in the current but more complex experimental setting,
we introduced a new phase-prediction algorithm that
capitalizes on adaptive Kalman filtering (AKF; Fig. 1b;
Simon, 2006). This algorithm adaptively and iteratively
combines two sources of information, the measured
phase from MEG recordings and the predicted phase
from the state transition function that was created for
describing instantaneous phase dynamics, to produce
optimal phase estimates by minimizing variance. We
showed that the AKF algorithm generally achieved a
more robust phase-locked presentation than the com-
monly existing autoregressive (AR; Chen et al., 2013;
Blackwood et al., 2018; Zrenner et al., 2020) and FFT al-
gorithms (Mansouri et al., 2017; Rivero and Ditterich,
2021). With the newly developed algorithm, partici-
pants’ instantaneous « phase activity at the predeter-
mined posterior parietal sensor was tracked online in a
subsequent experiment, as previous research has indi-
cated that the « phase from the posterior parietal region
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Figure 1. Schematic comparison between the current and previous methodologies. a, To relate the peristimulus « phase with visual
detection, the correlation approach (top panel), during which a stimulus sequence is arbitrarily presented, quantifies the link
between behavioral outcomes and offline sorted prestimulus phases [phase(t—1)] instead of peristimulus phases [phase(t)]. This limi-
tation reflects the constraints of window-based/acausal signal processing that typically utilizes the data extended in time.
Specifically, the poststimulus phase activity elicited by the stimulus may crossover into the peristimulus window, thus obscuring di-
rect examination of the effect of the a phase around stimulus onset. Alternatively, noninvasive brain stimulation (NIBS; middle panel)
aligns the brain phase with the phase of external stimulation so that stimulus presentation can be locked to the desired phase
[phase(t)] of the stimulation waveform; however, concerns regarding the efficacy of such phase alignment have been raised. The
current approach instead aims to monitor the instantaneous, endogenous phase in real time to guide phase-locked stimulus presen-
tation (PLSP; bottom panel) to provide directional inference. b, To implement PLSP, the core of the algorithms is to resolve the limi-
tations and artifacts resulting from the system and standard acausal signal processing so that phase (®) and instantaneous
frequency (IF) at the current time point (black vertical bar) can be accurately estimated. Because the current phase actually indicates
the near past phase because of a system-specific time lag, when the current phase approaches the proximity of the future desired
phase (red vertical bar), a time delay between tcrent and tgesireq IS calculated based on the estimated ®¢rent and IFeyrrent- A stimulus
is then presented immediately after this time delay to phase-lock to the desired phase. To estimate ®¢yrent and IFgyrent, the autore-
gressive (AR; top panel) algorithm extracts the temporal pattern of the past signal (black curve) to construct a forward-estimated
segment (orange curve). The fast Fourier transform (FFT; middle panel) projects the past signal into the frequency domain to capture
the dominant frequency and then uses this information (blue curve) to perform forward phase estimation. For the current adaptive
Kalman filtering (AKF; bottom panel) algorithm, a new estimated phase (green curve) is recursively formed over time, part way be-
tween the measured phase derived from the signal (blue curve) and the predicted phase (brown curve) derived from the state transi-
tion function (STF). The STF describes how phase states transition between time points (e.g., t—1 to t) and assumes that the
instantaneous phase evolves with a constant IF. To improve phase estimation, the AKF algorithm adaptively favors the contribution
of the predicted phase whenever the measured IF exceeds the a range because of signal noise.

behavioral
outcome

is crucially involved in visual detection (Mathewson et al.,
2009; Helfrich et al., 2014; Jaegle and Ro, 2014). This informa-
tion was used to forward inform the presentation of masked
targets at four predetermined desired phases, which spanned
one full a cycle from 0°, 90°, 180°, to 270°, a common choice
in the NIBS approach because of practical limits on the num-
ber of trials that can be tested in an experimental session
(Helfrich et al., 2014; Jaegle and Ro, 2014). Participants were
instructed to concurrently detect those implicitly phase-locked
targets that were adjusted at the luminance threshold before
the experiment and thereby physically identical across trials.
In summary, the objective of this study is twofold. First, we
aimed to develop a new algorithm for better implementing
real-time phase-locked stimulation. Second, we examined the
extent to which the peristimulus instead of prestimulus phase
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enhances detection, as previously presumed, through this
real-time approach.

Materials and Methods

The development of the AKF algorithm for PLSP
Data preparation

Two data types were used to evaluate algorithm per-
formance. Synthetic data, which lasted for 5min at a
resolution of 1000 Hz, were generated using sinusoids at
8-12 Hz. White noise was added to the synthetic data,
and noise amplitude was scaled to achieve a signal-to-
noise ratio (SNR) level of one, as SNRs smaller than one
are common in real electrophysiological data. Here, the
SNR was defined in decibels of a signal by computing
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the ratio of its summed squared magnitude to that of the
noise.

Resting-state real data were prepared from 15 right-handed
participants (12 males and three females, mean age =
SD=26.27 = 3.22 years, range=22-32) who rested and
fixated at the center of the screen while their MEG data were
recorded for 10 min. MEG recordings were performed using
a 306-channel whole-head MEG system (Elekta Neuromag
TRIUX) with a sampling rate of 1000 Hz. All procedures were
conducted in accordance with the Declaration of Helsinki.
FieldTrip (RRID:SCR_004849) and MATLAB (RRID:SCR_
001622) software were used for data preprocessing, analy-
sis, and visualization.

The general pipeline of PLSP

For consistency purposes, a general pipeline was used
for all the algorithms compared. Approximately three cycles
of the data segment, according to the frequency band of in-
terest (i.e., 300 ms for the « band), were extracted from the
start of the synthetic or MEG signal. The data point at the
end of the data segment was regarded as the “current” time
point teurent (Fig. 16). This window size was chosen to en-
sure that the oscillatory characteristics of the data could be
captured while achieving a good balance between compu-
tation speed and performance (Mansouri et al., 2017). Next,
the extracted data were zero-phase bandpass filtered [finite
impulse response (FIR) filter, order = three times the lower
frequency bound, bandwidth = 8-12 Hz]. Filtered data were
then submitted to each algorithm (see below) to estimate
the instantaneous phase (®) and frequency (IF) at toyrent- TO
correct for the system lag that occurred during real-time im-
plementation because of data, hardware (including stimula-
tion) and real-time sampling processing, the phase/time
delay between tcyrent and tgesireq (Fig. 1b) was considered.
The relationship between the phase/time delay, the current
instantaneous phase and frequency can be described as
tdesired-current = Samp“ng rate * ((Ddesired - <I)current)/ (2 ot
IFcurent)- When the instantaneous phase approached the
proximity of the future desired phase (here, we investigated
45° or 180° of the phase delay), a marker (for synthetic
data)/trigger pulse (for resting-state MEG data) was labeled/
sent immediately to phase-lock a given desired phase.
Here, the desired phase was predefined at 0°, 90°, 180°, or
270° to cover a full @ cycle. To mimic the later real-time
MEG experiment, incoming data were consecutively read in
chunks of 30 samples, and thereby, the instantaneous
phase and frequency were updated every 30 samples. The
whole procedure described above was repeated until the
end of the signal.

AR algorithm

After removing the edges (75ms from both ends ac-
cording to (Chen et al., 2013) and our own pilot simulation)
of the filtered data, the remaining segment was submitted
to the AR model of order p:

I}
Xt = ap + g Xtk T &t
k=1

where a is the model coefficient, ag is a constant and ¢ is
white noise. The model order was adaptively adjusted
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according to the Bayesian information criterion, and the
Yule-Walker method was adopted to estimate the coeffi-
cients (Chen et al., 2013). Using the obtained AR coefficient,
the future signal segment was iteratively forward-predicted
to encompass teyrent Until 75ms after teynent: Next, the
Hilbert transform was applied to derive the instantaneous
phase and frequency.

FFT algorithm

The filtered data were first zero-padded to 1800 sam-
ple points to increase the frequency resolution. Next, the
FFT of the signal segment was calculated to determine
the dominant frequency that had the maximum power
in the signal. The instantaneous phase and frequency
of the dominant component at t.,rent Were extracted
and used to forecast the time delay from the forthcoming
desired phase.

AKF algorithm

A new estimated phase was recursively formed over
time, starting from the 1/2 frequency cycle before tcyirent
part way between the measured phase derived from the
Hilbert-transformed signal and the predicted phase de-
rived from the state transition function. The function de-
scribes how phase states transition between time points
where the phase evolves with a constant instantaneous
frequency. In the algorithm, Gaussian distributions were
used to represent the state variables and their error. This
assumption is regarded as valid here, as the phase is typi-
cally represented in terms of the von Mises distribution,
which is the circular analog of the normal distribution. As
further described below, to reduce the edge effect and
phase singularity, an adaptive parameter was additionally
introduced, such that at each time step, the AKF algo-
rithm adaptively favored the contribution of the predicted
phase whenever the measured instantaneous frequency ex-
ceeded the a range because of signal noise. In summary,
the AKF algorithm adaptively combined two sources of in-
formation, predicted states and noisy measurements, to
produce optimal estimated states by minimizing their var-
iance. The algorithm is formally formulated as described
below.

Prediction step:

1. A transition function was used to predict the state at
the next time step by

Xit—1 = FiXi_1j_1,

where x;_1 denotes the estimate of state x (x = [X)'(]T, X:
instantaneous phase; x: instantaneous frequency) at
time t given state x at time t—1. Because the algorithm
was implemented in a short time window, we assumed
that no acceleration occurred, and thereby, the state
transition function was formulated as F = B Af} (At:
time difference) to describe the phase dynamics.

2. The state covariance P was adjusted to account for the
uncertainty in prediction by
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Pt\t—‘l = OCZFtPM\MFtT +Q;,

where Q represents the process noise covariance.
Because the algorithm was performed within a very short
time window, acceleration was assumed to be locally
constant, and in turn, the initial Q was set to 0. We initial-
ized P with

.2
0 Xmax

P= [R" 0 ] .
The diagonal of P contains the variance in each state vari-
able. Ry is an initial variance in phase and was set to 9372
(degree) based on the SD of the phase differences between
the synthetic data and its ground truth. The maximum velocity
squared is the initial variance for the instantaneous frequency
and was set to 4.32/2 (degree/ms), which was converted
from 12Hz, the upper limit of the « band. Here, we intro-
duced a parameter o to mitigate the edge effect and phase
singularity (Hurtado et al., 2004; Mortezapouraghdam et al.,
2018). In practice, a was set to 1 but adaptively became 0.8
whenever the measured instantaneous frequency exceeded
the range of the « band.
Update step:

1. The residual y between the predicted state and the
measurement is computed by

Y =2 — Ht)?t\t—‘h
where z is the phase measurement from the filtered signal

at the predetermined sensor, and H (H=[1 0]) is the
measurement function.

2. The Kalman gain K, which scales the uncertainty (i.e.,
covariance) from the measurement and state predic-
tion, is computed by

K: =Py H] (H:Py H] + R,

where R is a measurement of noise covariance and was set
to 9312, the same as Ry. K is bounded between 0 and 1. A
larger K represents a greater contribution from the mea-
surement and vice versa.

3. The state was updated based on the Kalman gain by
Xyt = Xep—1 + Kiy;
4. The state covariance was updated by

Py = (I — KiH)Py: 4,

where | is an identity matrix. In practice, to ensure numeri-
cal stability, the Joseph equation was used instead

Pt\t == (I - KtHf)I/:\,ﬂtf‘] (I - Kth)T + KtR[Kt.

Assessment of algorithm performance for PLSP
The performance of the algorithm was assessed offline by
comparing the predicted desired phase, which was
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marked by the marker/trigger as being determined by the
algorithm, with the predetermined desired phase (0°, 90°,
180°, or 270°). To obtain the predicted desired phase, we
bandpass filtered the MEG data with a zero-phase FIR
filter (order = three times the lower frequency bound,
bandwidth = 8-12 Hz). This step was valid given that the
“ground-truth” phases in the artificial and resting-state,
stimulus-free MEG data could be obtained or reasonably
estimated. Then, the filtered data were Hilbert trans-
formed to extract the phase value at the trigger point.
Performance accuracy was quantified using the circular
mean to measure the average of the absolute phase dis-
tances between the estimated and desired phases over
“stimulus presentations” (i.e., the numbers of triggers).
We also quantified performance precision, i.e., the spread
of the phase distances, by calculating their circular SD.
Small accuracy or precision values indicate that the
phases estimated by the algorithm are close to the de-
sired phases or more concentrated (high certainty).

Phase-dependent visual perception experiment
Participants

According to previous results using a similar task de-
sign (Mathewson et al., 2009), the effect size of Cohen’s d
was estimated to be 1.3 based on the reported paired t
test, which is the analysis used to examine the difference
in the detection rates between the two phase groups on
the high « power trials in the original paper. Notably, this
effect size is biased and may be underpowered, as the
current analysis path is different from that conducted in
the prior study. Because an accurate estimation of the
sample size required for the current new approach is difficult,
we aimed for a higher power estimate of 95%, relative to the
convention of 80%, with an «=0.01. To reach this level of
power with the above effect size as an indirect approxima-
tion, a new group of 15 participants was recruited (nine
males, mean age = SD=29.73 + 11.91 years, range = 20—
62 years) using G*Power (RRID:SCR_013726). (Correction:
our reported effect size was miscalculated because the t sta-
tistical value was misidentified as 4.3. In fact, the effect size
should be 1.37 based on 10 =4.53 in the original paper. As
a result, the required sample size should be 14.) All the en-
rolled participants had normal or corrected-to-normal vision,
no past neurologic or psychiatric history and provided written
informed consent. All procedures were conducted in accord-
ance with the Declaration of Helsinki.

Task

Each trial began with the presentation of a black fixation
cross at the center of the screen (refresh rate = 60 Hz) for
250ms, followed by a jittered blank screen (mean =
SD=882 =111 ms across participants). This jitter was
naturally introduced by the analysis pipeline, reflecting the
decision timing pertaining to whether the instantaneous
phase approached the proximity of the desired phase. The
durations of the jitter (0°: 887 = 132 ms; 90°: 879 = 121 ms;
180°: 873 £ 129 ms; 270° 892 = 107 ms) were not signifi-
cantly different across the four desired phases (one-way re-
peated-measures ANOVA, Fgax=0.29, p=0.832). A dark
gray target disk was then presented for 16.6 ms with a 50 ms
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interstimulus interval (ISI) before the dark gray annulus mask
appeared for 33.3 ms. All stimuli used in the experiment were
black (0 cd/m?), displayed on a gray background. Before the
experiment, the luminance threshold of the background was
established for each participant. This calibration session was
designed to ensure no ceiling or floor performance in the sub-
sequent real-time experiment. The calibration session in-
cluded randomly interleaved psychophysical staircases. A
one-up, one-down staircase procedure was employed to
converge to a detection rate of ~50%. This procedure was
terminated after five reversals. The target disk and the annual
mask subtended a visual angle of 1° and 2° from the screen
center. Subjects had 1520 ms to indicate whether they had
seen the target. On average, participants failed to respond on
4% of trials, and data from these trials were excluded from
further analysis.

Each participant completed 16 runs. Each run con-
sisted of 72 trials, with half of the trials containing both the
target and mask, a quarter of the trials containing the
mask and a blank screen in place of the target, and the re-
maining quarter of the trials containing the target without
the mask. To acquaint participants with the procedure,
the experiment began with practice trials in the same pro-
portion of the trial types. To ensure a sufficient number of
trials for each behavioral outcome, the mask intensities
were adjusted for individual participants before the ex-
periment to obtain the luminance that yielded the target
less detectable.

MEG data recordings

MEG recordings were performed identically using a
306-channel whole-head MEG system (Elekta Neuromag
TRIUX) with a sampling rate of 1000 Hz. Eye-related activ-
ities were monitored via vertical and horizontal electroo-
culography. Electrocardiography (ECG) electrodes were
placed over the chest close to the left and right clavicles.

Real-time stimulus presentation

Real-time MEG data were acquired using tMEG (Sudre
et al., 2011) in chunks of 30 samples because of system
limitations. No additional noise reduction, such as signal
source separation, was applied to the data. The phase-
locked stimulation procedure was identical to that previ-
ously described and implemented online. In short, the
data were zero-phase bandpass filtered at 8-12 Hz (FIR
filter, order = three times the lower frequency bound), and
the instantaneous « phase and frequency were estimated
using the AKF algorithm. When the current instantaneous
phase was 180° from the future desired phase, the up-
coming stimulus (target-only and masked-target trials)/
trigger (mask-only trials) delivery was scheduled. Each
desired phase condition had four runs. Within each run,
trials were blocked by a given desired phase to facilitate
algorithm computation.

Offline MEG data preprocessing and event-related field
(ERF) analysis

Continuous MEG data from the planar gradiometer sen-
sors were segmented into 2000-ms epochs starting from
1000 ms before target onset. Trials contaminated with
muscular artifacts (over 100Hz) were visually identified
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and rejected. Eye movements, eye blinks, and cardiac arti-
facts were removed using independent component analysis
(three to four components removed). After preprocessing,
there were 563 * 18 (mean = SD; 0° desired phase: 141 = 4,
90°: 141 = 4,180°: 141 = 6, 270°: 140 = 5) masked-target tri-
als, 281 =10 (0°: 70*=3, 90°: 71 =2, 180° 70 =3, 270
70 = 2) target-only trials, and 281 = 9 (0°: 70 = 3, 90°: 71 £ 2,
180°: 70 = 3, 270°: 70 = 2) mask-only trials. For the ERF anal-
ysis, the data were averaged across trials for each phase
condition and participant. The averaged data were baseline-
corrected by subtracting the mean activity during the baseline
period (200-0 ms preceding target onset).

Offline time frequency, power, and instantaneous
frequency analysis

The amplitude and phase at each time-frequency point
were extracted using the Hilbert transform. Before the
transform, the data were zero-phase bandpass filtered
(FIR filter, order = three times the lower frequency
bound) to create 5 frequency steps, with center frequen-
cies from 8 to 12 Hz and a bandwidth of 2 Hz. The power
activities were obtained by averaging the spectral ampli-
tude across trials for each experimental condition and
participant. The averaged power activities for each data
point were normalized to a baseline ranging from 300 to
600 ms preceding target onset. Normalization in decibels
involved calculating the 10log10 transform of the power
relative to the mean baseline power on a frequency-by-
frequency basis.

To obtain the prestimulus instantaneous frequency (Samaha
and Postle, 2015), the data were zero-phase bandpass fil-
tered at 8-12Hz (FIR filter, order = three times the lower
frequency bound). Phase angle time series were extracted
from the filtered data with the Hilbert transform. The tem-
poral derivative of the phase angle time series describes
how the phase changes over time and thus corresponds to
the instantaneous frequency in Hertz (when scaled by the
sampling rate and 27). The instantaneous frequency was
filtered with a moving median filter with a window of 10 ms
before averaging across trials to mitigate noise in the
phase angle time series without distorting the data.

Offline phase coherence analysis

To quantify the degree of phase clustering (or phase
locking) in response to the stimuli, we computed the co-
sine-similarity version of intertrial phase coherence (ITCgs;
Chou and Hsu, 2018), as this metric is robust to sample-
size bias compared with the conventional one. ITCgg rep-
resents the mean cosine of the angles of all phase pairs
from any two trials 6;, 6;. For a given sensor s, frequency f,
time t, and a total number of trials N,

2 N-1 N
ITCy(s,f t) = ——— 0;— ).
(s,f.1) N(Nq);;cos( )

An ITCcg close to 1 reflects strong unimodal phase
clustering (i.e., all trials exhibit the same phase), whereas
an ITCcs close to 0 reflects low phase clustering (i.e., the
distribution of phases across trials is uniform). An ITCcg
can also be negative whenever a group of two phases are
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distant from each other over 90°, which would lead to
negative cosine similarity.

Surrogate data

To assess whether stimulus presentation elicited phase
coherence at the group level, we estimated chance-level
phase coherence for each participant at every time-fre-
quency point, which was later compared with the original
coherence using cluster-based permutation testing. Because
phase coherence represents the timing of phase activity
locked to target onset over trials, surrogate data were created
using a cut-and-swap strategy to disrupt the relationship
between stimulus onset and phase activity while minimiz-
ing the distortion of phase dynamics (Hurtado et al., 2004).
Specifically, we randomly selected a single time point and
exchanged the resulting two sections of data in each MEG
trial to recompute surrogate ITCgs. This procedure was re-
peated 1000 times, resulting in a distribution of surrogate
ITCcs values for each participant, time, and frequency.
For each time-frequency point, we defined the chance
level as the mean of the surrogate values (e.g., see
(Dugué et al., 2011) for a similar approach).

Jackknife estimate of onset and offset latency

For each participant, onset or offset latency was de-
fined as the time when the front or the back end of the
waveform of interest reached 30% of its peak ampli-
tude (Liesefeld, 2018). With this approach, a jackknife
latency estimate was scored for each of 15 grand aver-
age waveforms. Each of these grand average wave-
forms was computed from a subsample of 14 of the 15
participants (i.e., one participant was omitted from one
of the subsample grand averages). Last, the mean of
those 15 jackknife estimates was reported as the grand
estimate.

Cluster-based permutation test

Cluster-based permutation tests, implemented in Fieldtrip,
were conducted to determine if the data differed significantly
between conditions at the group level. This statistical test
does not require specific assumptions about the shape of the
population distribution and controls for the problem of muilti-
ple comparisons (Maris and Oostenveld, 2007). In these
tests, conditional differences were quantified by means of
paired t tests for every time period or time-frequency sample.
The samples with t values exceeding the threshold (p < 0.05,
two-tailed) were clustered into connected sets based on tem-
poral or temporal-frequency adjacency. The cluster with the
maximum sum of t values was used as a test statistic. A dis-
tribution was then generated by randomly permuting the data
across the conditions for each participant and recalculating
the test statistic using a Monte Carlo estimate after repeating
the calculation 1000 times. Finally, two-tailed p values were
determined by evaluating the proportion of the distribution re-
sulting in a test t statistic larger than the observed t statistic.

Representational similarity analysis

To relate the ERFs obtained from the masked-target tri-
als with those from the mask-/target-only trials, we con-
ducted representational similarity analysis (RSA) using the
RSA toolbox (Nili et al., 2014). For individual participants
and ftrial types (masked-target trial vs masked-/target-
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only trial), ERFs ranging from 70 to 121 ms after stimulus
onset were extracted for each desired phase (90° and
180°) and behavioral outcome (hit and miss). For every
phase-behavioral outcome pair, we computed cosine
similarity and stored the result in a 4 x 4 symmetric ma-
trix. We then converted these similarity indices into a
dissimilarity measure (1, the cosine of the included an-
gles), which was rank-transformed and scaled so that it
was bound between 0 (no dissimilarity) and 1 (complete
dissimilarity). The representational dissimilarity matri-
ces (RDMs) obtained from the masked-target trials
were defined as a reference and averaged across sub-
jects (a similar result was found when the RDMs from
masked-/target-only trials were used as a reference).
Next, Kendall’s rank correlation was calculated be-
tween the average masked-target RDMs and the sub-
ject-specific masked-/target-only RDMs. The relatedness
between these two types of RDMs was tested using a one-
sided signed-rank test across the single-subject RDM
correlations.

Sinusoidal fitting
The oscillatory features of the data were characterized
by fitting the data with a sine function:

y(t) = asin(2#ft + ®) + b +c,

where y is the data, a is the amplitude, f is the frequency, t
is time, @ is the phase shift, b is the offset and c is the
noise term. For fitting the data, the offset was first esti-
mated by the mean of all y values. FFT was applied to y to
provide initial values of f, a, and ® for regression. The ulti-
mate f and ® were obtained whereby the summed squares
of the residuals were minimized.

Behavioral decision model fitting

To test whether information content in the early ERFs
played a role in shaping ultimate detection rates, we
trained a logistic regression model to classify behavioral
hits (seen targets) and misses (unseen targets) from z-
transformed single-trial MEG data during the significant
time period (70-121 ms). To ensure reliability and general-
izability of classification, repeated stratified fivefold cross-
validation was conducted. Specifically, within each fold,
training was performed on a randomly selected subset of
80% of trials. The trained classifier was then tested to pre-
dict the behavioral outcomes of the remaining 20% of tri-
als. Notably, stratification was used to ensure that each
outcome was approximately equally represented in each
fold. The above stratified fivefold cross-validation was
repeated 10 times with different randomization in each
repetition to improve the estimated performance. The re-
sulting averaged performances were reported. All these
analyses were conducted with Scikit-Learn packages
(RRID:SCR_002577).

Statistics

For circular data, the Watson-Williams test was used
to examine the significant difference between the
means, the Harrison-Kanji test was used to examine
the main and interaction effects on two-factor data, and
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Figure 2. The general pipeline of phase-locked stimulus presentation (PLSP). Incoming data were consecutively read in chunks of
30 samples (30 ms on average) because of system limitations using tMEG (Sudre et al., 2011). Three a-cycles of the data segment
were extracted back from the current time point and zero-phase bandpass filtered (8-12 Hz). Filtered data were then submitted to
each algorithm to estimate the instantaneous phase and frequency at the current time point. To correct for the system lag that oc-
curred during real-time implementation because of data, hardware and real-time sampling processing, the phase/time delay be-
tween the current and desired phases was continuously updated. When the phase delay equaled to 90° or 180° during simulation
and to 180° during the real-time experiment, a marker (synthetic data), trigger pulse (resting-state MEG data), or a stimulus (visual
detection experiment) was labeled or sent immediately to compensate for the lag so that a given desired phase was locked. When
the current phase fell within the range of the prespecified phase delay, the pipeline was reinitiated because the system lag was not

properly compensated.

circular-circular correlation was used to assess the cor-
relation between two variables. All these tests were per-
formed using the CircStat toolbox (RRID:SCR_016651). For
behavioral data, one-way repeated-measures ANOVA and
paired t tests were adopted. For neural data, the cluster-
based permutation test was used to control for the problem
of multiple comparisons. Two-way repeated-measures
ANOVA and t tests were used for the follow-up analysis.
A signed-rank test was conducted for RSA. For extremely
small p values (p < 0.0001), p =0.0001 was reported.

Data and code availability

All preprocessed data necessary to reproduce the
figures are available at https://osf.io/kfpbd/?view_
only=1a688b60444443fcab9ff1c63a9daa06. All the
codes necessary to reproduce the figures and to per-
form the AKF algorithm are available at https://osf.io/
kfpbd/?view_only=1a688b60444443fcab9ff1c63a9daa06.
The original data can be shared by the corresponding
author on request if data privacy can be guaranteed.

Results

The performance of the AKF algorithm

We first evaluated the performance of the proposed
AKEF algorithm against that of the AR and FFT algorithms
in a simulated real-time setting that was later imple-
mented in a visual detection experiment. We used both
synthetic data and resting-state MEG data. The latter was
acquired at the predetermined posterior parietal sensor
with identical real-time parameters except that no stimu-
lus was sent. For consistency purposes, a general pipe-
line of PLSP was used for all the algorithms compared
(Fig. 2; for details, see Materials and Methods, The gener-
al pipeline of PLSP). In principle, the current instantane-
ous phase was estimated by the algorithm after data
sampling, filtering (¢ band 8-12Hz) and extraction.
Notably, the current phase actually reflected the near past
phase because of the system-specific time lag during
real-time implementation because of data, hardware (in-
cluding stimulation) and sampling processing. To correct
for this lag, PLSP must be implemented in advance when-
ever the phase/time delay between the current and future
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desired phases approximately equaled to the system lag.
During the simulation, we therefore included this factor for
examination, which is expressed in terms of the phase/
time delay between the current instantaneous phase and
the future desired phase. We investigated the phase delay
at two points: 45° and 180°. The latter value was used in
the subsequent real-time experiment because the system
lag was ~50ms with the current settings. The desired
phases predicted by the algorithms were compared offline
with the actual desired phases in terms of accuracy (circular
mean of the absolute phase distances between the two
phases) and precision (circular SD of the absolute phase
distances). Here, the actual desired phases were predeter-
mined a priori (0°, 90°, 180°, or 270°), whereas the predicted
desired phases were marked by the algorithm-determined
markers/triggers, and their values at the markers/trigger
points were extracted from the offline filter-Hilbert transform
on the data epoch. Smaller values of accuracy or precision
indicated that the phases estimated by the algorithm were
close to the desired phases or more concentrated (high
certainty).

Overall, the AKF algorithm outperformed the other two
algorithms. For the synthetic data, the polar plots (after
collapsing across the desired phases; the same pattern of
results was found for individual phases; Fig. 3a, right pan-
els) showed that the majority of the desired phases esti-
mated by the AKF were close to the predetermined
desired phases, as the phase distances between the two
were densely clustered around zero. In contrast, the
phases estimated by the other two algorithms were rela-
tively scattered, as indicated by a higher number (i.e., the
distance from the origin) of the estimated phases located
away from zero. In support of this observation, both accu-
racy and precision indices (Fig. 3a, left panels) were im-
proved when the AKF algorithm was used, and a shorter
phase delay further enhanced the outcome.

For the resting-state MEG data from 15 participants, a sim-
ilar pattern of results was found (the same pattern of results
was found for individual phases; Fig. 3b). Performance was
enhanced for all algorithms with a shorter phase delay
(Harrison—Kaniji test, main effect of phase delay, accuracy:
F(1’84):25.81, p:00001, an’ = 023, preCiSion: F(1,84):
27.038, p=0.0001, 77;:2) = 0.23). Performance among the
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Figure 3. Algorithm performance during simulated phase-locked stimulus presentation (PLSP). a, Synthetic data. The right panels
show the circular histograms of the phase distances between the estimated and predetermined desired « phases collapsed across
all four phase conditions for the 90° and 180° phase delays. The distance from the origin indicates the number (1000 x) of presenta-
tions (estimated desired phases) falling within a bin. The left panels display the accuracy (i.e., the absolute phase distances from the
desired phases) and precision (i.e., the spread of the absolute phase distances) as a function of the phase delay and the algorithm.
Small accuracy or precision values indicate that the phases estimated by the algorithm are close to the desired phases or more con-
centrated (high certainty). AR: autoregressive; FFT: fast Fourier transform; AKF: adaptive Kalman filtering. b, Same format as in a
but using resting-state MEG data from 15 participants. The circular histograms were collapsed across all phase conditions and par-
ticipants. Individual participants’ accuracies and precisions in absolute phase distance are displayed for each phase condition, in
which horizontal lines indicate mean values and error bars represent + within-subject SEM.

algorithms was also significantly different in accuracy (main  the AKF algorithm, relative to FFT, produced better phase-
effect of algorithm, F g4 =64.00, p=0.0001, ns = 0.60) locked stimulations in terms of accuracy (Watson-Williams
and precision (F,gs=73.91, p=0.0001, n,f = 0.63). test, phase delay 45°: F1 25 =8.94, p =0.006, ng = 0.23;
Further comparisons showed that for each phase delay,  180° F 25 =7.00, p=0.013, n,f = 0.20) and precision
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Figure 4. The design and behavioral results of real-time visual detection experiment. a, Task design. Between the fixation and the tar-
get, a jittered blank screen (mean * SD across participants) was naturally introduced by the analysis pipeline, reflecting its decision
time for forward phase estimation. When the instantaneous phase derived from the predetermined posterior parietal MEG signal (red
dot) approached the proximity of the desired phase (i.e., 180° of the phase delay from the future desired phase), the phase-locked tar-
get was presented at a given desired phase after accounting for the delay. Half of the trials contained both the target and mask
(masked-target), a quarter of the masked-only trials had a blank screen in place of the target, and the remaining quarter of the target-
only trials were without the mask. The stimuli were adjusted at the individual luminance threshold and thereby physically identical
across trials. b, Detection rates of the phase-locked masked targets as a function of the desired « phases. The red horizontal lines in-
dicate mean values and are connected by the dotted lines. The profiles of the individual participants are depicted on the top, where

the detection rates are z score normalized for visual comparison; *p < 0.05.

(45°: F(1,08=22.37, p=0.0001, ng = 0.45; 180°: F(1,28)=
19.56, p =0.0001, ng = 0.40). Relative to AR, the AKF al-
gorithm similarly showed better performance in terms of
accuracy (45°: F4 2 =80.94, p = 0.0001, 775 =0.73; 180°:
F,269=73.52, p=0.0001, n,f = 0.72) and precision (45°:
F(1’28): 1 1236, P :00001, T]g = 080, 180°: F(1,28):
88.56, p =0.0001, 73 = 0.75).

The validity of the AKF algorithm during the real-time
visual detection experiment

To investigate the direct role of the peristimulus «
phase on visual detection, 15 new participants, as deter-
mined by an a priori power analysis, were instructed to
detect the presence of a masked target that was implicitly
presented at one of the desired phases in real time (Fig.
4a). Before the experiment, the luminance threshold of the
background was established for each participant using a
staircase procedure to converge a detection rate of
~50% after five reversals. This phase-locked presenta-
tion was implemented by the AKF algorithm using MEG
data from the same predetermined sensor (Fig. 4a, red
dot), and the same pipeline was used (Fig. 2). Between
the fixation and the target, a jittered blank screen was nat-
urally introduced by the pipeline. The jitter mainly re-
flected that data were updated in chunks of 30 samples
(80 ms or 1/3-1/4 « cycle on average; Fig. 2), and there-
fore, the pipeline was reinitiated several times because
the phase delay between the instantaneous current and
desired phases was frequently too short (<180°) to prop-
erly correct for the system-specific time lag. In this sense,
this jitter simply indicated the “decision” time of the analy-
sis pipeline and did not interfere with phase estimation
per se.
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Although our previous simulation results validated the
PLSP approach with the AKF algorithm, we evaluated off-
line the extent to which the masked targets were success-
fully delivered at the desired phases to carefully confirm
the performance of this approach in the real-time detection
experiment. For this assessment, two analyses were
adopted. First, we approximately reconstructed the phase
at target onset using retraction-prediction analysis (see
below). Second, we analyzed the mask-only trials offline to
complement the first analysis. In the second assessment,
because phase-locked triggers instead of targets were de-
livered in the mask-only trials, phases at trigger onset were
extracted for analysis.

For the first analysis, if target presentation resets the
phase dynamics, offline phase estimation at the target
onset may have been rendered inaccurate because it
could have been contaminated by the “smear” of the
poststimulus phase effects elicited by the target because
of the window-based/acausal signal analysis. Therefore,
we first examined the presence of phase adjustment
using the cosine-similarity version of the intertrial phase
coherence (ITCgs) to mitigate the sample size bias (Chou
and Hsu, 2018). After collapsing across phase conditions, in-
creased ITCcg was indeed observed relative to chance-level
values (for details, see Materials and Methods, Surrogate
data), which were created by computing the mean of surro-
gate ITCgs values derived from the surrogate time series of
the original data (cluster-based permutation test on —200-
500ms, p=0.002 at approximately —8-500 ms, Cohen’s d
for the average of the cluster=0.79; Fig. 5a, left panel). To
mitigate biased phase estimation at target onset because of
the “smearing” effect caused by phase adjustment, we used
past, uncontaminated instantaneous phase and frequency
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Figure 5. Assessment of the real-time adaptive Kalman filter (AKF) performance of phase-locked stimulus presentation (PLSP). a,
Real-time AKF performance of PLSP during the masked-target trials. The left panel shows the time courses of the cosine-similarity
version of the intertrial phase coherence (ITCgs) during the masked-target trials from the predetermined sensor. The ITCcs courses
are plotted according to the original results and the surrogate control, which were created by computing the mean of surrogate
ITCcs values derived from the surrogate time series of the original data for 1000 repetitions. The green horizontal bar highlights the
significant period. Shaded regions indicate + within-subject SEM; **p < 0.01. The middle panels show the circular histograms of the
absolute phase distances between the estimated and predetermined desired « phases collapsed across participants for each de-
sired phase. The distance from the origin indicates the number of presentations falling within a bin. The right panels display individu-
al participants’ accuracies and precisions in absolute phase distance as a function of the four phases. Red horizontal lines indicate
mean values, and error bars represent + within-subject SEM. b, Real-time AKF performance of PLSP during the mask-only trials.

Same format as in a.

data for estimation. To determine which past data point could
be safely used, we calculated the jackknife estimate of the
onset latency of the phase reset based on the waveform be-
tween —50 and 500 ms, given that the cluster-based permu-
tation tests did not indicate the true onset (Sassenhagen and
Draschkow, 2019). The calculation gave rise to an estimated
onset latency of 58 ms after target onset. Next, this estimated
time point was traced 125 ms back (i.e., a cycle of 8 Hz from
the onset latency of phase reset). The instantaneous « phase
and frequency at —67 ms were derived by the bandpass-filter
(8-12H2) Hilbert transform and were used to forecast the
phase at target onset. Next, we formally applied the above re-
traction-prediction analysis to the masked-target trials to esti-
mate the phases at target onset. Similar to our previous
simulation results (Fig. 3b), real-time target presentation was
largely concentrated around the desired phases (Fig. 5a, right
panel), and algorithm performances did not significantly differ
across the phases (Watson-Williams test, accuracy: Fzse =
2.14, p=0.11; precision: F(3 56y=0.83, p = 0.48).

For the second complementary analysis, we analyzed
the mask-only trials offline. The “smearing” effect caused
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by the phase reset, in terms of the ITCcg, was less severe
during the mask-only trials because there was no target
presentation and the mask was presented 66.6 ms later
(cluster-based permutation test, p =0.002 ~54-500 ms,
Cohen’s d for the average of the cluster=0.86; Fig.
5b, left panel). The jackknife estimate of the onset la-
tency of this phase adjustment was 102 ms after the
target onset based on the waveform between —50 and
500 ms. Given that this time point was approximately
one «a cycle away from the target onset, the peristimulus
phase could be reasonably extracted in this trial condi-
tion. Our complementary evaluation confirmed that the
triggers were mostly phase-locked to the desired phases
(Fig. 5b, right panel). Moreover, as before, the perform-
ance was not significantly different across all phase con-
ditions in terms of accuracy (Fs,s6)=0.36, p =0.78) and
precision (Fi3s6=0.16, p=0.92). Altogether, our con-
verging results validate the AKF algorithm in the imple-
mentation of the phase-locked presentation during the
real-time visual detection task, primarily based on the
simulation results (Fig. 3) together with supporting
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offline analyses of the masked-target (Fig. 5a) and
masked-only trials (Fig. 5b).

The behavioral effect of the « phase on the visual
detection of masked targets

For the real-time visual detection experiment, the aver-
age detection rate (the proportion of detected targets or
hits) on the masked-target trials was 61% (SD=19%,
range = 31-88%). While detection on the target-only trials
was 96% (SD=2%, range =85-99%), which reflected
the actual detection of the target, the false alarm rate on
the mask-only trials was low (mean: 16%, SD=12,
range = 1-43%). Signal detection analyses indicated an
average criterion of 0.42 (SD =0.52, range = —0.23-1.68)
and an average d’ of 1.4 (SD=0.66, range =0.21-2.65).
None of the participants were excluded according to the
exclusion criterion (detection> 90% or < 10%, false
alarm > 85%) used in a previous study on masked-target
trials with a similar design (Mathewson et al., 2009).

Based on the validity of the phase-locked presentation,
the following analysis path was adopted to examine the
phase-dependent behavioral effect. In contrast to most of
the previous studies based on the offline correlation ap-
proach, here the peristimulus phases were the independ-
ent instead of dependent variable and thereby were
predetermined a priori. Because four levels of the phases
were chosen because of the limitation of current real-time
PLSP, we calculated the detection rate for each desired
phase and then examined whether there was differential
enhancement on detection. The result showed that the
overall detection rates did not significantly vary (one-way
repeated-measures ANOVA, F3 40 =2.47, p =0.075, ng =
0.15, achieved power = 0.96; Fig. 4b).

Exploratory analysis of the « phase-dependent
behavioral effect

Despite the null main effect, enhanced detection asso-
ciated with the 90° desired phase seemed to be especially
evident. The follow-up comparisons confirmed this explo-
ration, as the 90° detection rate was significantly higher
than the 180° detection rate (two-tailed Dunnett’s multi-
comparison test to check whether there was enhanced
detection at 90° (Howell, 2010), p <0.05, Cohen’s d =
0.69) but not the others (all ps > 0.05). With respect to the
false alarm, criterion, or d’, no significant variations were
observed according to the phase conditions (Fsg 42 <
1.864, ps > 0.15) after post hoc comparisons between the
90° and 180° phases (all ps > 0.05).

Although the magnitude of the mean difference in de-
tection (5.6%) between the 90° and 180° phases was
comparable to the previous results (Mathewson et al.,
2009), to further verify that the finding could be attribut-
able to the current phase-locked performance, a permu-
tation procedure was adopted. Specifically, we pooled
the trials from both phase conditions for individual partici-
pants. The trials were randomly selected without replace-
ment and reassigned to one of the four phase conditions.
Next, we recomputed the detection rates and the corre-
sponding two-tailed paired t tests. This procedure was
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repeated 1000 times to generate a resampling distribu-
tion of t statistics that was derived from different combi-
nations of phase-locked presentations. The t statistic
of the original data were larger than 99% of the samples
of the distribution, confirming the significance of the
finding.

Exploratory analysis of the neural dynamics
underlying « phase-dependent visual detection

Our post hoc behavioral findings were accompanied by
early changes in underlying brain activity. Guided by the
offline behavioral findings (i.e., the difference in detection
between the 90° and 180° desired phases), we calculated
the event-related fields (ERFs) on the predetermined sen-
sor according to the hit or miss trials for the 90° and 180°
desired phases separately. In agreement with our experi-
mental manipulations, before the target onset (Fig. 6a),
the ERFs oscillated within the « range with a phase shift
of 131.58 =+ 36.00° between the 90° and 180° phase con-
ditions (sinusoidal fitting on the baseline between —200
and O0ms collapsed across participants and behavioral
outcomes, 90°: 9.57 +1.31Hz, R? = 0.69 + 0.15; 180°:
8.69 + 0.59 Hz, R? = 0.73 + 0.12). Immediately after target
onset, oscillatory patterns appeared to bifurcate between
the two trial types during the 90° phase, as indicated by
the elevated ERFs of the misses, but not during the 180°
phase. A significant interaction effect was found in the
early ERFs (cluster-based permutation test on 0-500 ms,
p=0.024 ~83-102 ms, Cohen’s d for the average of the
cluster=0.93; Fig. 6a). Next, jackknife estimates were
calculated to rigorously establish effect latency based on
the waveform between 50 and 150 ms. This calculation
gave rise to a grand-averaged estimate of 70 ms for onset
latency and 121 ms for offset latency. Within this identified
latency, additional analysis confirmed that the obtained
effect reflected the influence of the « phase per se rather
than the additional interference from mask processing.
When subtracting the ERFs of the mask-only trials from
those of the corresponding masked-target trials, the re-
sidual ERFs still showed a significant interaction effect
(two-way repeated-measures ANOVA on phase x behav-
ioral response, F1,14y=7.94, p=0.014, n§ = 0.36). In ad-
dition to the interaction, we examined whether there was
a main effect of phase or behavioral response on ERFs
after collapsing data across the irrelevant dimension.
After subtracting the ERFs of the mask-only trials to ac-
count for phase shifts between the phase conditions, no
significant main effect was found (phase: p =0.062; be-
havioral response: p = 0.24). In summary, the observed in-
teraction effect indicates that the information processing
of the same target differed depending on the peristimulus
phases, which yielded different temporal dynamics for
hits and misses.

We further checked to what extent the interaction effect
was related to the processing of incoming targets and to
resulting behavioral outcomes. With respect to the first
issue, we investigated how the previously observed inter-
action would behave when the stimulus condition dif-
fered, such as during the mask-/target-only trials. If a
similar phenomenon is observed, this would indicate that
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Figure 6. The neural dynamics underlying phase-dependent visual detection. a, Time courses of the event-related fields (ERFs) dur-
ing the masked-target trials from the predetermined parietal sensor. The ERFs are plotted according to the behavioral outcome (hits
vs misses) and the desired phase (90° vs 180°). The green horizontal bar highlights the significant period for the interaction effect.
Shaded regions indicate + within-subject SEM; *p < 0.05. b, Same format as in a but using the target-only miss trials and the
masked-only hit trials. The green dotted horizontal bar highlights the significant interaction based on the period identified from the
masked-target trials. ¢, Subject-averaged representational dissimilarity matrices of the ERFs based on hits (H)/misses (M) and
phases from the masked-target trials (left panel) or from the mask-only and target-only trials (right panel). The matrices were con-
structed by calculating cosine similarity between the ERFs during the significant interaction period (horizontal green solid or dotted
line). Each matrix is separately rank-transformed and scaled into [0,1]. d, Decoding the relevance of the data during the significant
interaction period in shaping behavioral outcomes. A logistic regression classifier was separately trained to distinguish hit trials ver-
sus miss trials based on single-trial MEG activity recording from the 90° or 180° desired phase. Classifier output on test trials pro-
duced higher decoding detection during the 90° relative to 180° phases after repeated stratified cross-validation; *p < 0.05.
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the interaction is likely to reflect a general representation  phases (i.e., similar phase-dependent modulation using
of information processing across stimulus dimensions.  different sets of trials) but also revealed that the re-
First, a high similarity was found in the interaction effect = sponse-related ERFs represented the fate of phase-
between the early ERFs of hits and misses from the dependent perceptual rather than stimulus processing
masked-target trials and those from the mask-/target- (i.e., similar phase-dependent modulation when the
only trials; the former dataset served as a reference for  stimulus condition differed). This led us to test whether
comparison. Specifically, when the ERFs of two phase for the masked targets, information content at the ef-
conditions were compared, a significant interaction dur-  fect latency was differentially predictive of ultimate be-
ing the effect latency was similarly observed between the  havioral outcomes according to the « phase. The
target-only “hit” trials and the mask-only “miss” trials  single-trial data from 70 to 121 ms were fitted to a lo-
(F(1,14)=6.65, p=0.023, ng = 0.32; Fig. 6b). To provide a  gistic regression separately for each phase condition
global pattern of such relatedness, for each participant, to distinguish hits from misses. Through 10 repeated
we calculated the cosine similarity between every pair of  stratified fivefold cross-validation, the obtained de-
early ERFs (70-121 ms) to construct two 4 x 4 (2 phase x  coding detection was enhanced during the 90° phase
2 behavioral outcome) RDMs for the masked-target and  relative to that in the 180° phase, thus reproducing the
mask-/target-only trials (Fig. 6¢). These two RDMs were  previous behavioral pattern (one-tailed t14=2.02,
then compared (Kendall’s rank correlation; 7, = 0.27), p=0.032, Cohen’s d=0.52; Fig. 6d). All these results
and significant relatedness was found (one-tailed signed-  collectively revealed that « phases differentially inter-
rank test, p=0.016). Given that the phase-modulation acted with the incoming masked targets, resulting in
patterns were similar regardless of the stimulus condi- early phase-modulated neural representations pertain-
tions, these findings not only confirmed that the different ing to the perceptual fate of those stimuli, which was,
patterns of the response-related ERFs depended on the inturn, relevant to biasing eventual detection rates.
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The control analysis of the power and instantaneous
frequency effect

Given that a« power may affect corresponding phase es-
timation and that prestimulus power is also thought to be
involved in visual detection (Benwell et al., 2017; Zazio et
al.,, 2022), we examined whether our phase-dependent
behavioral and neural results could be explained by con-
current power changes. First, at the behavioral level, the
detection difference was likely because of the phase ef-
fect, as there was no significant power difference between
the 90° and 180° phases around or before target onset
(cluster-based permutation test on —50-50 or —500-
0ms, p=0.15 or 0.18). Moreover, the observed ERF ef-
fect was not accompanied by corresponding power
changes, as no significant interaction (phase x behavioral
outcome) in power was observed after target onset
(p=1). We also divided the ftrials into high-power and
low-power bins using a median split for each phase con-
dition. For both high-power and low-power trials, no sig-
nificant prestimulus or peristimulus power difference was
observed between the phases (all ps > 0.15). We also ex-
amined whether our results could be explained by the
changes in the prestimulus instantaneous frequency
(Samaha and Postle, 2015). Similarly, no significant differ-
ence in the instantaneous frequency was found between
the 90° and 180° phases around or before target onset
(p=0.44 0or 0.13).

The generalization of phase-dependent neural
modulation

We proceeded to explore whether the aforementioned
phase-dependent ERF interaction effect was similarly ob-
served at the other sensors during the masked-target tri-
als where stimulus presentation was locked to the same
or different phase from that of the predetermined sensor
(Fig. 7a). For this analysis, we first estimated how the peri-
stimulus « phases at these sensors deviated from that of
the predetermined sensor. We calculated the circular
mean for the peristimulus phases across trials at every
sensor based on the retraction-prediction analysis out-
lined above. As depicted in Figure 7b, the results are re-
ported in terms of the absolute phase differences from the
corresponding desired phases (90° or 180°) after collaps-
ing across participants. A spot with a darker color (i.e., the
hotspot of the phase topography) indicates that the mean
peristimulus phase is more similar to that of the predeter-
mined sensor. In general, for both conditions, « oscilla-
tions, predominantly at the left occipito-temporal-parietal
sensors together with the predetermined sensor (Fig. 7b,
green solid circle), traveled approximately in synchrony
and simultaneously neared the desired phase angles at
target onset. Next, some sensors, mainly in the posterior
parietal region, exhibited a similar pattern of previously
observed ERF interaction during the effect period (70-
121 ms; one-tailed paired t test on hit-miss differences be-
tween phases given the directionality of interaction, ts(4)
mean = SD =2.41 + 0.76, ps mean = SD=0.024 = 0.015,
Cohen’s d mean = SD=0.62 + 0.21; Fig. 7c, green cross).
Among the sensors exhibiting a significant interaction,
most seemed to fall within the hotspots of the phase
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topographies when comparing Figure 7b,c. A detailed ex-
amination designed to provide additional support showed
that the single-trial peristimulus-phase distribution of two
sensors (Fig. 7c, red circle), near the predetermined sen-
sor, significantly resembled the distribution of the predeter-
mined sensor at both 90° (circular correlation on individual
subjects, ps mean + SD=0.39 =0.10, ps mean = SD=
0.002 = 0.009 for 14/15 subjects) and 180° desired phases
(ps mean = SD=0.36 =0.10, ps mean = SD=0.003 =
0.006 for 13/15 subjects). Taken together, our previous
neural findings from the predetermined sensor were not a
random effect but were attuned to our experimental manip-
ulation and could be generalized to other posterior parietal
sensors for which the stimulus presentation was locked to
similar desired phases.

Discussion

Beyond previous research, this study capitalized on the
real-time PLSP approach that was implemented by our
newly developed phase-estimation algorithm. By evaluat-
ing the phase as an independent variable (Fig. 8), this new
approach allowed us to investigate whether and how the
endogenous critical « phases, during which masked tar-
gets were simultaneously presented, directly led to be-
havioral and neural changes in visual detection. We first
confirmed that our algorithm could deliver the target stim-
uli around the desired phases and perform better than the
existing algorithms. The overall change in detection ac-
cording to the peristimulus « phase was insignificant.
Nevertheless, post hoc analyses seemed to reveal the
presence of phase-dependent visual detection to some
extent. Compared with previous positive evidence, these
discrepancies might reflect several differences in method-
ology and analysis, as discussed below.

The performance of the AKF algorithm

One objective of this study is to develop a robust
phase-estimation algorithm to implement real-time PLSP.
From the perspective of the phase estimation algorithm,
accurate estimation of the real-time phase is hindered by
several factors: phase singularity because of the presence
of noise or low spectral power in the raw data, the edge
effect (i.e., distortion at the ends of the processed data
segment) and, relatedly, the issue of causality (i.e., data
required before and after the time point of interest) that
are relevant to filtering and spectral analyses (Hurtado et
al., 2004; Shirinpour et al., 2020). The latter especially
poses a serious issue, as during real-time implementa-
tion, data are always recorded until the current time point,
and future data are not available. Furthermore, the ob-
tained instantaneous phase at the current moment ac-
tually indicates the near past phase because of a phase/
time delay that results from a system-specific time lag
caused by data, hardware (including stimulation), and
real-time sampling processing. A robust algorithm is
therefore required to forward predict the future desired
phase based on the precise estimation of the instantane-
ous phase and frequency (phase rate) at the current time
(Fig. 1b). In turn, PLSP can be implemented with accepta-
ble accuracy under real-time constraints. In the present
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Figure 7. The generalization of phase-dependent neural modulation. a, Schematic of the analysis flow. The green diagram repre-
sents the analyses that were conducted on the predetermined sensor, whereas the black diagrams represent the remaining sensors
with similar or dissimilar phase-locked behavior to be examined. b, Scalp topographies of the circular means of the absolute phase
distances from the 90° (top panel) and 180° (bottom panel) desired phases at target onset after collapsing across participants. The
green solid circles indicate the predetermined posterior parietal sensor (p < 0.05). ¢, Scalp topographies of the event-related field
(ERF) interaction on the hit-miss differences between the 90° and 180° desired phases during the effect period (70-121 ms). The
green crosses highlight the sensors exhibiting significant interactions. Among those sensors, the red circles highlight the ones

whose single-trial peristimulus phase distributions closely matched that of the predetermined sensor (p < 0.05).

experimental setting, the newly introduced AKF algorithm
performed more robustly than the common AR and FFT
algorithms. The core of all three algorithms serves the
same purpose, i.e., ensuring that the instantaneous phase
and frequency at the current time point can be accurately
estimated to forecast the future desired phase.

However, for the AR algorithm, signal noise, which is
often high in electrophysiological recordings, is included
for computation. This result might explain its inferior per-
formance (Mansouri et al., 2017). For AR to perform at its
best, a somewhat exhaustive empirical search is usually
required to obtain the best combination of hyperpara-
meters beforehand for individual datasets and partici-
pants. Nevertheless, this time-consuming process was
not conducted in this study because of the time constraint
and the need for a consistent and practical analysis
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pipeline for algorithm comparison. Regarding the FFT al-
gorithm, because the whole signal is reduced to a simple
sine function, this simplification may have impaired per-
formance (Shirinpour et al., 2020), especially given that
the MEG signal of interest here was relatively broadband
(8-12 Hz for «) in the sense that the signal was nonstation-
ary and composed of several frequency components.

In contrast to the above two algorithms, the AKF algo-
rithm performs recursive and adaptive Bayesian-like com-
putation by estimating the current state by scaling the
information from both the predicted states and noisy
measurements. Through this process, the edge effect and
phase singularity could be mitigated, resulting in better esti-
mations than those based on measurements alone. However,
our algorithm has room for further improvement. For example,
the phase-locked stimulus presentations between the desired
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Figure 8. A schematic comparison between the previous corre-
lation and current phase-locked stimulus presentation (PLSP)
approaches. Notably, although both the PLSP and correlation
approaches produce the relationship between phases and be-
havioral outcomes, the generative processes underlying this re-
lationship are different.

phases somewhat overlapped, which might bias the cur-
rent results. A more intricate transition function or a
hardware upgrade (e.g., a higher refresh rate of the pro-
jector) in the future could help to better capture the
phase dynamics or reduce the phase delay (Fig. 3),
which may enhance the performance of phase-locked
presentation.

The effect of the peristimulus phase on visual
detection as revealed by real-time PLSP

Regarding the second objective of this study, the peri-
stimulus phase does not seem to robustly enhance visual
detection. From a methodological perspective, in the ma-
jority of previous research, the widely adopted correlation
approach is informative but constrained (Fig. 8). In addi-
tion to failing to make directional inferences about the role
of the a phase, evidence is primarily built on the relation-
ship between behavioral performance and the prestimu-
lus a phase. However, fluctuations in the ongoing « phase
have been linked to the effect of breathing (Hsu et al,,
2020) or expectation (Samaha et al., 2015). These con-
founding variables not only complicate the interpretation
of the results but may also contaminate the data and
thereby yield mixed evidence. Most importantly, the post-
stimulus phase activity elicited by the stimulus may cross-
over into the peristimulus window, thus obscuring offline
examination of the effect of the « phase around stimulus
onset (Briiers and VanRullen, 2017).

To address the above issues, the current study em-
ployed the PLSP approach to investigate how « peristi-
mulus instead of prestimulus phases directly affected the
perception of simultaneously presented stimuli. A few
previous studies have already employed the PLSP ap-
proach to investigate the phase effect on the reaction
time. In a recent study (Vigué-Guix et al., 2022), stimuli
[light-emitting diode (LED) flashes] were presented online
at specific ongoing « phases using the FFT algorithm, but
in contrast to earlier work (Callaway and Yeager, 1960;
Dustman and Beck, 1965), negative evidence was re-
ported. In line with this recent study, current evidence
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also fails to fully support the presence of a phase-de-
pendent behavioral effect, as indicated by the null main
effect despite the borderline significance (p=0.075)
and a large effect size (775 = 0.15). One possible reason
is that our sample size was derived from a prior study
using a similar design (Mathewson et al., 2009); how-
ever, distinct from this key study, the current study jit-
tered the timing of target presentations to preclude
temporal expectation. This change in the design to-
gether with a different analysis path being followed, as
discussed below, might bias the derived effect size,
and therefore, a larger sample size might be required to
reach a robust effect. Overall, although the PLSP ap-
proach provides a different perspective on the debate
regarding the phase effect, a full understanding of this
issue may still require the future development of multi-
faceted techniques and analyses.

From an analytical perspective, in regard to previous
positive evidence, trial sorting is commonly conducted to
derive the prestimulus phase on a trial-by trial basis to es-
tablish its relationship with the associated behavioral re-
sponses (Fig. 8). Is it possible to derive the peristimulus
phase based on the prestimulus phase using our retrac-
tion-prediction analysis, which was performed to estimate
the peristimulus phases of the masked targets offline on
the predetermined sensor to validate real-time phase-
locked implementation (Fig. 5a) and on the remaining sen-
sors to examine the generalization of phase-dependent
neural dynamics (Fig. 7)? However, the utility of the retrac-
tion-prediction analysis only provides an indirect approxi-
mation regarding whether the overall peristimulus phases
cluster around a given desired phase, i.e., the focus of our
analyses. If the offline peristimulus phases are estimated
in this manner, their validity on a trial-by-trial basis still
cannot be verified because the original peristimulus
phases are unlikely to be backwardly recovered for the
reason outlined above. Accordingly, the current study ex-
amined the phase-dependent behavioral effect based on
four predetermined desired phases, and no trial sorting
was performed. This analysis strategy nevertheless leads
to coarse sampling of the full a cycle, and in turn, a more
detailed pattern of the phase effect cannot be revealed.
Such a limitation, together with the possibility that the
“preferred” phase (i.e., the phase associated with en-
hanced detection) differs across participants, might offer
a possible explanation regarding the null main effect of
the peristimulus phase on detection.

The post hoc behavioral and neural results

Our follow-up and less conservative behavioral analy-
ses (i.e., limiting our questions to a relatively few compari-
sons) nevertheless revealed the potential modulatory role
of the peristimulus « phase in visual detection. These re-
sults showed that the phase, especially at 90° relative to
180°, likely directly enhanced the detection of the masked
targets. Such behavioral evidence was corroborated by
the corresponding neural findings which provided a new
perspective on the underlying mechanism. Between those
two angles, the ERFs associated with hits and misses ex-
hibited different patterns at an early stage. This observation
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echoes prior literature indicating that the « phase affects
early event-related components induced by stimuli (Makeig
et al., 2002; Mazaheri and Jensen, 2010; Fellinger et al.,
2011). As the targets were physically identical across trials
and the ERF effects occurred regardless of the stimulus
conditions, the above early phase-dependent neural signa-
ture likely manifested the perceptual fate of the incoming
masked targets that resulted from the interaction between
the a phases and the targets, which in turn potentially
played a role in shaping the eventual detection outcomes.
All these findings cannot be simply explained by concurrent
changes in @ power or confounding factors in phase-locked
stimulation performances between the phase conditions.
Notably, the neural signature was specifically observed in
the posterior parietal region (Fig. 7). In line with our findings,
the parietal region is commonly activated in visual masking
protocols (Dehaene and Changeux, 2011) and contains
early information needed for distinguishing different per-
cepts (Salti et al., 2015). Notably, the detection changes did
not exhibit an ideal oscillatory pattern such that detection
differs between the adjacent angles but not at the opposite
angles (however, see (Menétrey et al., 2022) and (White,
2018) for a discussion on whether the phase-dependent
behavioral changes are guaranteed to be cyclic). This find-
ing might reflect coarse sampling of the full « cycle, and in
turn, a more detailed pattern of the phase effect cannot be
revealed, as discussed above.

From a conceptual perspective, the current neural evi-
dence offers new insights into the underlying mechanism.
According to a previous notion, the « phase represents on-
going fluctuations in cortical excitability (Lindsley, 1952;
Fries, 2005; Klimesch et al., 2007). The perceptual fate of a
visual stimulus thus depends on the instant that it coin-
cides within the excitability of the ongoing « cycle, which
produces alternations of hits and misses between more fa-
vorable and less favorable phases (Varela et al.,, 1981;
VanRullen, 2016). Accordingly, most previous research has
directly explained the phase-dependent behavioral pattern
as reflecting alternations of the perceptual states according
to the phase. At the neural level, this notion would expect
an overall difference (i.e., regardless of behavioral out-
comes) in early activity between the phases (Mathewson et
al., 2009). However, during the excitable or less excitable
phase, the stimuli are not always detected or undetected.
What is the neural fate of these stimuli? Given that few
studies have investigated the resulting neural changes,
here, we delved deeper into this issue and found that the
early ERFs varied according to both the phases and the be-
havioral outcomes (Fig. 6a). This interaction pattern is con-
sistent with the patterns observed in the power-dependent
neural effect (Zazio et al., 2022), for which the differences
between the “hit” and “miss” associated event-related
activities vary according to the high and low prestimulus
power conditions.

Given that the idea of alternations of the perceptual states
cannot fully address the complex interaction effect observed
here and the phase effect is not as robust as previously pre-
sumed given that negative evidence (including the current
null main effect) has accumulated, we propose a revision of
this notion. Our proposition suggests that the peristimulus «
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phase interacts with incoming stimuli, and then this interac-
tion orchestrates the neural representation of the perceptual
fates of the stimuli at an early stage. This neural representa-
tion varies according to the phases and possibly constitutes
a factor that biases the later decision-related processes
and eventually the behavioral outcomes. In other words, at
a given peristimulus phase, the same target is processed in
such a manner (increasing neural fluctuations for instance)
that its information content could facilitate detection.
Accordingly, in addition to the peristimulus phase per se
that could alternate incoming perceptual events by provid-
ing different temporal frames (Varela et al., 1981; VanRullen,
2016), the phase might further interact with stimuli by differ-
entially biasing their information processing. In this view,
the stimulus properties, perhaps including the task require-
ments that are relevant to early information processing,
may have equally contributing roles to determine the mag-
nitude of phase-dependent perception.

To conclude, using real-time PLSP, stimuli can be pre-
sented as a function of the simultaneous « phase, which
enables more direct experimental control for allowing di-
rectional inference about the extent to which rhythmic
modulation in perception is a direct result of the underly-
ing brain oscillations. Together with the phase-estimation
algorithm shown here, the current approach may be used
as a practical tool for studying the functional role of on-
going phase activity to better understand how the brain
state impacts cognitive processing.

References

Benwell CSY, Tagliabue CF, Veniero D, Cecere R, Savazzi S, Thut G
(2017) Prestimulus EEG power predicts conscious awareness but not
objective visual performance. eNeuro 4:ENEURO.0182-17.2017.

Bergmann TO, Hartwigsen G (2021) Inferring causality from noninva-
sive brain stimulation in cognitive neuroscience. J Cogn Neurosci
33:195-225.

Blackwood E, Lo MC, Alik Widge S (2018) Continuous phase estima-
tion for phase-locked neural stimulation using an autoregressive
model for signal prediction. Annu Int Conf IEEE Eng Med Biol Soc
2018:4736-4739.

Bollimunta A, Mo J, Schroeder CE, Ding MZ (2011) Neuronal mecha-
nisms and attentional modulation of corticothalamic « oscillations.
J Neurosci 31:4935-4943.

Briers S, VanRullen R (2017) At what latency does the phase of brain
oscillations influence perception? eNeuro 4:ENEURO.0078-17.2017.

Busch NA, Dubois J, VanRullen R (2009) The phase of ongoing EEG
oscillations predicts visual perception. J Neurosci 29:7869-7876.

Callaway E, Yeager CL (1960) Relationship between reaction time
and electroencephalographic alpha-phase. Science 132:1765-
1766.

Chen LL, Madhavan R, Rapoport Bl, Anderson WS (2013) Real-time
brain oscillation detection and phase-locked stimulation using au-
toregressive spectral estimation and time-series forward predic-
tion. IEEE Trans Biomed Eng 60:753-762.

Chou EP, Hsu SM (2018) Cosine similarity as a sample size-free
measure to quantify phase clustering within a single neurophysio-
logical signal. J Neurosci Methods 295:111-120.

de Graaf TA, Thomson A, Janssens SEW, van Bree S, Ten Oever S,
Sack AT (2020) Does alpha phase modulate visual target detec-
tion? Three experiments with tACS-phase-based stimulus presen-
tation. Eur J Neurosci 51:2299-2313.

Dehaene S, Changeux JP (2011) Experimental and theoretical ap-
proaches to conscious processing. Neuron 70:200-227.

eNeuro.org


https://www.ncbi.nlm.nih.gov/pubmed/32530381
https://www.ncbi.nlm.nih.gov/pubmed/21451032
https://www.ncbi.nlm.nih.gov/pubmed/19535598
https://www.ncbi.nlm.nih.gov/pubmed/13689987
https://www.ncbi.nlm.nih.gov/pubmed/21292589
https://www.ncbi.nlm.nih.gov/pubmed/29247676
https://www.ncbi.nlm.nih.gov/pubmed/31943418
https://www.ncbi.nlm.nih.gov/pubmed/21521609

eMeuro

Dugué L, Marque P, VanRullen R (2011) The phase of ongoing oscil-
lations mediates the causal relation between brain excitation and
visual perception. J Neurosci 31:11889-11893.

Dustman RE, Beck EC (1965) Phase of alpha brain waves reaction
time and visually evoked potentials. Electroencephalogr Clin
Neurophysiol 18:433-440.

Fellinger R, Klimesch W, Gruber W, Freunberger R, Doppelmayr M
(2011) Pre-stimulus alpha phase-alignment predicts P1-amplitude.
Brain Res Bull 85:417-423.

Fries P (2005) A mechanism for cognitive dynamics: neuronal commu-
nication through neuronal coherence. Trends Cogn Sci 9:474-480.
Haegens S, Nacher V, Luna R, Romo R, Jensen O (2011) a-Oscillations
in the monkey sensorimotor network influence discrimination per-
formance by rhythmical inhibition of neuronal spiking. Proc Natl Acad

SciUSA 108:19377-19382.

Helfrich RF, Schneider TR, Rach S, Trautmann-Lengsfeld SA, Engel
AK, Herrmann CS (2014) Entrainment of brain oscillations by trans-
cranial alternating current stimulation. Curr Biol 24:333-339.

Howell DC (2010) Statistical methods for psychology, Ed 7. Belmont:
Thomson Wadsworth.

Hsu SM, Tseng CH, Hsieh CH, Hsieh CW (2020) Slow-paced inspira-
tion regularizes alpha phase dynamics in the human brain. J
Neurophysiol 123:289-299.

Hurtado JM, Rubchinsky LL, Sigvardt KA (2004) Statistical method
for detection of phase-locking episodes in neural oscillations. J
Neurophysiol 91:1883-1898.

Jaegle A, Ro T (2014) Direct control of visual perception with phase-
specific modulation of posterior parietal cortex. J Cogn Neurosci
26:422-432.

Kasten FH, Herrmann CS (2022) Discrete sampling in perception via
neuronal oscillations-evidence from rhythmic, non-invasive brain
stimulation. Eur J Neurosci 55:3402-3417.

Keitel C, Ruzzoli M, Dugué L, Busch NA, Benwell CSY (2022)
Rhythms in cognition: the evidence revisited. Eur J Neurosci
55:2991-3009.

Klimesch W, Sauseng P, Hanslmayr S (2007) EEG alpha oscillations:
the inhibition-timing hypothesis. Brain Res Reviews 53:63-88.

Liesefeld HR (2018) Estimating the timing of cognitive operations
with MEG/EEG latency measures: a primer, a brief tutorial, and an
implementation of various methods. Front Neurosci 12:765.

Lindsley DB (1952) Psychological phenomena and the electroence-
phalogram. Electroencephalogr Clin Neurophysiol 4:443-456.

Makeig S, Westerfield M, Jung TP, Enghoff S, Townsend J, Courchesne
E, Sejnowski TJ (2002) Dynamic brain sources of visual evoked re-
sponses. Science 295:690-694.

Mansouri F, Dunlop K, Giacobbe P, Downar J, Zariffa J (2017) A fast
EEG forecasting algorithm for phase-locked transcranial electrical
stimulation of the human brain. Front Neurosci 11:401.

Maris E, Oostenveld R (2007) Nonparametric statistical testing of
EEG- and MEG-data. J Neurosci Methods 164:177-190.

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.

Mazaheri A, Jensen O (2010) Rhythmic pulsing: linking ongoing brain
activity with evoked responses. Front Hum Neurosci 4:177.

Menétrey MQ, Vogelsang L, Herzog MH (2022) A guideline for linking
brain wave findings to the various aspects of discrete perception.
Eur J Neurosci 55:3528-3537.

August 2023, 10(8) ENEURO.0128-23.2023

Research Article: New Research 18 of 18

Mortezapouraghdam Z, Corona-Strauss Fl, Takahashi K, Strauss DJ
(2018) Reducing the effect of spurious phase variations in neural
oscillatory signals. Front Comput Neurosci 12:82.

Nili H, Wingfield C, Walther A, Su L, Marslen-Wilson W, Kriegeskorte
N (2014) A toolbox for representational similarity analysis. PLoS
Comput Biol 10:e1003553.

Rivero CR, Ditterich J (2021) A user-friendly algorithm for adapt-
ive closed-loop phase-locked stimulation. J Neurosci Methods
347:108965.

Ruzzoli M, Torralba M, Fernandez LM, Soto-Faraco S (2019) The rele-
vance of alpha phase in human perception. Cortex 120:249-268.
Salti M, Monto S, Charles L, King JR, Parkkonen L, Dehaene S
(2015) Distinct cortical codes and temporal dynamics for con-

scious and unconscious percepts. Elife 4:e05652.

Samaha J, Postle BR (2015) The speed of alpha-band oscillations
predicts the temporal resolution of visual perception. Curr Biol
25:2985-2990.

Samaha J, Bauer P, Cimaroli S, Postle BR (2015) Top-down control
of the phase of alpha-band oscillations as a mechanism for tempo-
ral prediction. Proc Natl Acad Sci U SA 112:8439-8444.

Sassenhagen J, Draschkow D (2019) Cluster-based permutation
tests of MEG/EEG data do not establish significance of effect la-
tency or location. Psychophysiology 56:e13335.

Schroeder CE, Lakatos P (2009) Low-frequency neuronal oscillations
as instruments of sensory selection. Trends Neurosci 32:9-18.

Shirinpour S, Alekseichuk |, Mantell K, Opitz A (2020) Experimental
evaluation of methods for real-time EEG phase-specific transcra-
nial magnetic stimulation. J Neural Eng 17:e046002.

Simon D (2006) Optimal state estimation: Kalman, H [infinity] and
nonlinear approaches. Hoboken: Wiley-Interscience.

Spaak E, de Lange FP, Jensen O (2014) Local entrainment of « oscil-
lations by visual stimuli causes cyclic modulation of perception. J
Neurosci 34:3536-3544.

Sudre G, Parkkonen L, Bock E, Baillet S, Wang W, Weber DJ (2011)
rntMEG: a real-time software interface for magnetoencephalogra-
phy. Comput Intell Neurosci 2011:327953.

Thut G, Miniussi C, Gross J (2012) The functional importance of
rhythmic activity in the brain. Curr Biol 22:R658-R663.

VanRullen R (2016) Perceptual cycles. Trends Cogn Sci 20:723-735.

Varela FJ, Toro A, John ER, Schwartz EL (1981) Perceptual framing
and cortical alpha-rhythm. Neuropsychologia 19:675-686.

Vigué-Guix |, Fernandez LM, Torralba Cuello M, Ruzzoli M, Soto-
Faraco S (2022) Can the occipital alpha-phase speed up visual de-
tection through a real-time EEG-based brain-computer interface
(BCI)? Eur J Neurosci 55:3224-3240.

White PA (2018) Is conscious perception a series of discrete tempo-
ral frames? Conscious Cogn 60:98-126.

Zazio A, Ruhnau P, Weisz N, Wutz A (2022) Pre-stimulus alpha-band
power and phase fluctuations originate from different neural sour-
ces and exert distinct impact on stimulus-evoked responses. Eur J
Neurosci 55:3178-3190.

Zrenner C, Belardinelli P, Muller-Dahlhaus F, Ziemann U (2016)
Closed-loop neuroscience and non-Invasive brain stimulation: a
tale of two loops. Front Cell Neurosci 10:92.

Zrenner C, Galevska D, Nieminen JO, Baur D, Stefanou MI, Ziemann
U (2020) The shaky ground truth of real-time phase estimation.
Neuroimage 214:116761.

eNeuro.org


https://www.ncbi.nlm.nih.gov/pubmed/21849549
https://www.ncbi.nlm.nih.gov/pubmed/14276036
https://www.ncbi.nlm.nih.gov/pubmed/21473900
https://www.ncbi.nlm.nih.gov/pubmed/16150631
https://www.ncbi.nlm.nih.gov/pubmed/22084106
https://www.ncbi.nlm.nih.gov/pubmed/24461998
https://www.ncbi.nlm.nih.gov/pubmed/31747328
https://www.ncbi.nlm.nih.gov/pubmed/15010498
https://www.ncbi.nlm.nih.gov/pubmed/24116843
https://www.ncbi.nlm.nih.gov/pubmed/33048382
https://www.ncbi.nlm.nih.gov/pubmed/35696729
https://www.ncbi.nlm.nih.gov/pubmed/12998592
https://www.ncbi.nlm.nih.gov/pubmed/11809976
https://www.ncbi.nlm.nih.gov/pubmed/17517438
https://www.ncbi.nlm.nih.gov/pubmed/19261866
https://www.ncbi.nlm.nih.gov/pubmed/34125452
https://www.ncbi.nlm.nih.gov/pubmed/24743308
https://www.ncbi.nlm.nih.gov/pubmed/33011185
https://www.ncbi.nlm.nih.gov/pubmed/31352236
https://www.ncbi.nlm.nih.gov/pubmed/26526370
https://www.ncbi.nlm.nih.gov/pubmed/26100913
https://www.ncbi.nlm.nih.gov/pubmed/30657176
https://www.ncbi.nlm.nih.gov/pubmed/19012975
https://www.ncbi.nlm.nih.gov/pubmed/32554882
https://www.ncbi.nlm.nih.gov/pubmed/24599454
https://www.ncbi.nlm.nih.gov/pubmed/21687573
https://www.ncbi.nlm.nih.gov/pubmed/22917517
https://www.ncbi.nlm.nih.gov/pubmed/27567317
https://www.ncbi.nlm.nih.gov/pubmed/7312152
https://www.ncbi.nlm.nih.gov/pubmed/32745332
https://www.ncbi.nlm.nih.gov/pubmed/33539589
https://www.ncbi.nlm.nih.gov/pubmed/32198050

	The Effect of the Peristimulus α Phase on Visual Perception through Real-Time Phase-Locked Stimulus Presentation
	Introduction
	Materials and Methods
	The development of the AKF algorithm for PLSP
	Data preparation
	The general pipeline of PLSP
	AR algorithm
	FFT algorithm
	AKF algorithm

	Assessment of algorithm performance for PLSP
	Phase-dependent visual perception experiment
	Participants
	Task
	MEG data recordings
	Real-time stimulus presentation
	Offline MEG data preprocessing and event-related field (ERF) analysis
	Offline time frequency, power, and instantaneous frequency analysis
	Offline phase coherence analysis
	Surrogate data
	Jackknife estimate of onset and offset latency
	Cluster-based permutation test
	Representational similarity analysis
	Sinusoidal fitting
	Behavioral decision model fitting

	Statistics
	Data and code availability

	Results
	The performance of the AKF algorithm
	The validity of the AKF algorithm during the real-time visual detection experiment
	The behavioral effect of the α phase on the visual detection of masked targets
	Exploratory analysis of the α phase-dependent behavioral effect
	Exploratory analysis of the neural dynamics underlying α phase-dependent visual detection
	The control analysis of the power and instantaneous frequency effect
	The generalization of phase-dependent neural modulation

	Discussion
	The performance of the AKF algorithm
	The effect of the peristimulus phase on visual detection as revealed by real-time PLSP
	The post hoc behavioral and neural results

	References


