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Abstract 

The human visual system performs nonlinear integrative operations at multiple 

stages of visual information processing. For instance, integrating parts of visual 

stimuli into a coherent object involves coordinated neural processing along the visual 

hierarchy. However, it remains uncertain whether visual integration manifests in a 

nonlinear neural response, particularly through intermodulation components in the 

power spectrum. In this study, we used a visual motion paradigm combined with rapid 

invisible frequency tagging (RIFT) and magnetoencephalography (MEG) to explore 

nonlinear characteristics of neural responses associated with visual integration. In 

this paradigm, two grating patches were moving coherently or incoherently, and were 

modulated by RIFT at 56 and 63 Hz, respectively. The behavioural results revealed 

that the participants responded more accurately and faster to probes during coher-

ent compared to incoherent motion. Moreover, the type of motion elicited differential 

effects on pupil dilation, with significantly larger pupil diameter observed during inco-

herent motion. To evaluate the neural response to coherent and incoherent motion 

stimuli, we assessed spectral coherence between MEG and RIFT. We observed a 

strong coherence at the tagging frequencies (f
1
 = 56 and f

2
 = 63 Hz) as well as at the 

higher harmonics at 112 Hz and 126 Hz, respectively. Importantly we did not observe 

a response at frequencies of the intermodulation (f
2
–f

1
, f

2
 + f

1
); nor did we observe a 

difference when comparing the coherence and incoherent motion. We conclude that 

in contrast to studies with low-frequency visible tagging, RIFT does not evoke inter-

modulation components and therefore, its applicability for investigating the neural 

mechanisms of visual integration might be limited.

Introduction

The integration of multiple parts of a visual scene into a single object is a fundamen-
tal property of the visual system. In this process, spatially separated visual inputs are 
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integrated into a coherent percept [1,2]. However, the neural mechanisms underlying 
visual integration remains unclear, specifically with regards to whether this process 
involves a nonlinear neural response.

Visual motion paradigms have been used to disentangle the neural response 
associated with coherent and incoherent motion, and therefore, to gain further insight 
into the neural mechanisms underlying visual integration. In such paradigms [3], 
moving parts can be perceived as either a single object or unbound parts. Whereas 
coherent and incoherent motion of stimuli activates distinct parts of the cortex [4], 
there is no clear consensus on the spectral characteristics of neural response associ-
ated with visual integration [5].

To better understand the spectral characteristics of neural response in perceptual 
and cognitive tasks, a frequency tagging technique has been introduced, in which 
rhythmic flashes at specific frequencies (e.g., f1 and f2) are superimposed into visual 
stimuli [6,7]. The neural response to the stimuli yields complex evoked spectra com-
prising frequencies related to the periodic tagging as well as intermodulation terms 
(n*f1 ± m*f2) which supposedly reflect interactions between specific neural groups [8]. 
The empirical results support the notion that perceptual integration can be reflected 
in the intermodulation frequency. Presence of the intermodulation frequencies in the 
power spectrum also indicates nonlinear characteristics of the visual system since 
only fundamental frequencies (f1 and f2) and their harmonics (n*f1 and m*f2) can 
be observed in a linear system [9]. The intermodulation components in the power 
spectrum have been observed in different paradigms including visual motion, figure-
ground segregation, bistable perception and binocular rivalry among others [10]. 
Interestingly, while EEG studies demonstrate the presence of various combination of 
intermodulation frequencies [11,12], MEG studies generally report fewer intermodula-
tion components [3,13].

Typically, frequency tagging is applied within the range of 1–30 Hz [14], in part 
due to technical constraints imposed by screen refresh rates. However, stimulation 
at such frequencies produces visible flicker which may interfere with task perfor-
mance and in some cases lead to adverse health effects including the risk of epileptic 
seizures [15]. In contrast, rapid invisible frequency tagging or RIFT [16,17] utilises 
high-frequency rhythmic stimuli, usually above 60 Hz, which remain largely impercep-
tible to participants while still eliciting a robust neural response.

In this study we set out to explore the neural responses reflecting visual inte-
gration by combining visual motion paradigm with RIFT and MEG. We hypothesise 
that visual integration, operationalised through coherent motion of grating patches, 
is associated with a greater amplitude of intermodulation components compared to 
incoherent motion. Furthermore, these intermodulation components exhibit distinct 
spatial patterns across the visual system, which can be effectively captured by MEG.

Materials and methods

Participants

Twenty-four participants (mean age: 35; age range: 18–42) with no history of neu-
rological disorders partook in the study. Four participants were excluded from the 
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analysis due to extensive artifacts. Prior MEG studies [3,9,13] demonstrated that a sample size between 10 and 12 
participants is sufficient to reliably detect intermodulation components. The study received approval from the local ethics 
committee (University of Birmingham, UK) and written informed consent was obtained prior to enrolment. All participants 
met the standard inclusion criteria for MEG experiments, which included the absence of metal parts in the body and no 
history of mental illness or disorders. Data collection started on 05/10/2020 and was completed on 10/06/2021. MEG data 
in MATLAB format are available on the OSF server (https://osf.io/a9quw).

Experimental paradigm

Two grating stimuli, 5.8° of visual angle, were displayed bilaterally on a projector screen positioned 1.4 meters from the 
participants’ eyes (Fig 1A). One second after the stimuli appeared, the left and right gratings began moving for 2.5 to 3.5 
seconds, either in the same direction (coherently) or in opposite directions (incoherently). The direction of motion (up or 
down) for the left and right gratings was counterbalanced across trials. The gratings moved at a constant speed of 0.5°/s. 
Participants were instructed to focus on a fixation point and press a button when a cue indicating the direction of motion 
(coherent or incoherent) appeared at the fixation point. If the direction of motion matched the cue (i.e., equal or unequal 
sign), participants pressed the button with their middle finger, otherwise, they responded using their index finger. The 
response instructions, specifying the use of the left or right hand, were counterbalanced among participants.

The luminance of the stimuli was modulated using two RIFT signals, 56 Hz and 63 Hz, (Fig 1B). These frequencies 
represented a trade-off between minimising the perceptual salience of flicker and maximising the amplitude of the neural 
response that attenuates with increasing stimulation frequency. Furthermore, the expected 7 Hz intermodulation compo-
nent, representing the difference between the two tagging frequencies, resides at the boundary between the prominent 
theta (4–7 Hz) and alpha (8–13 Hz) rhythms, which facilitates its detection by minimising the influence of these endoge-
nous rhythms. We used the PROPixx DLP LED projector (VPixx Technologies Inc., Canada) to present the visual stimuli 
at a high refresh rate of 1440 Hz and a resolution of 960 × 600 pixels (see, [18]). The experimental paradigm was imple-
mented in MATLAB (Mathworks Inc., Natick, USA) using Psychophysics Toolbox 3.0.11 [19].

Fig. 1.  Experimental paradigm and tagging signals. (A) Two grating stimuli, exhibiting either coherent or incoherent motion, were presented bilater-
ally. The motion commenced 1 second after the onset of the flickering stimuli and continued for 2.5 to 3.5 seconds. (B) The luminance of the left (“Left 
stimulus”) and right (“Right stimulus”) grating stimuli was modulated by two RIFT signals, 56 Hz and 63 Hz.

https://doi.org/10.1371/journal.pone.0343916.g001
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MEG and MRI acquisition

Before the measurement, the participant’s head position was digitized using the Polhemus Fastrack electromagnetic 
digitizer system (Polhemus Inc., USA). MEG data were collected using a 306-sensor TRIUX system (MEGIN, Fin-
land) while the participant sat upright at a 60° angle in a dimly lit, magnetically shielded room. The magnetic signals 
were bandpass filtered between 0.1 and 330 Hz with embedded anti-aliasing filters and sampled at 1000 Hz. Concur-
rently with the MEG, we recorded the pupil coordinates and diameter using an EyeLink eye-tracker (SR Research, 
Canada).

The RIFT signals were captured using a custom-made photodetector (Aalto NeuroImaging Centre, Aalto University, 
Finland) connected to a built-in amplifier in the MEG system. This setup allowed us to acquire the tagging signal together 
with the MEG data.

Additionally, a high-resolution T1-weighted anatomical images (TR/TE of 7.4/3.5 ms, a flip angle of 7°, FOV of 
256 × 256 × 176 mm, 176 sagittal slices, and a voxel size of 1 × 1 × 1 mm3) were acquired using 3-Tesla Phillips Achieva 
scanner.

MEG data preprocessing

To reduce external interference and sensor artifacts, we applied signal-space separation (SSS; [20], as implemented in 
MNE-Python toolbox [21]. SSS decomposes the MEG signal into components originating from inside and outside the 
measurement volume, discarding the external components associated with environmental noise.

To further reduce artifacts from cardiac signal and eye blinks, we applied independent component analysis (ICA; 
[22]). Before the analysis, the MEG time series were bandpass filtered between 1 and 100 Hz and downsampled 
to 250 Hz. Components with topographies corresponding to blinks and cardiac signals were then projected out as 
follows [23],

	 Y = (I – A(:, r) ·W(r, :)) · X 	

where X represents the original MEG data; A and W are the mixing and unmixing matrices, respectively; I is the identity 
matrix; r denotes the indices of the components corresponding to eye blinks and cardiac signal; and Y represents the 
MEG data with the artifacts projected out.

The artifact-free MEG time series were segmented into 6-second epochs, ranging from −2–4 seconds relative to the 
onset of stimulus motion. Although ICA effectively removed blinks from the MEG signal, we also analysed the X-axis and 
Y-axis channels of the eye-tracker to exclude trials containing blinks and saccades. Eye blinks were detected in the eye-
tracker channels by z-scoring the time series and applying a threshold of 5 standard deviations (SD); any deflection above 
this threshold was classified as a blink. Saccades were identified using a scatter diagram of the X-axis and Y-axis time 
series from the eye-tracker for each trial. An event was classified as a saccade if the gaze shifted away from the fixa-
tion point by 2° and lasted more than 500 milliseconds. Trials contaminated by blinks and saccades were excluded from 
further analysis. Additionally, we rejected trials containing large-amplitude events (above 5 SD) in the MEG data, which 
are mainly associated with motion and muscle artifacts. As a result, the number of trials remaining after exclusion was 
304 ± 12 (mean ± SD) per participant. For each participant, the number of trials per condition was equalized by randomly 
selecting the same number of trials.

Spectral coherence

Spectral coherence between MEG sensors and RIFT signals was calculated using FieldTrip toolbox [23]. Additionally, we 
generated synthetic tagging signals at 7 and 14 Hz, to evaluate coherence at these intermodulation frequencies which are 
multiples of the tagging frequency differences (i.e., 56 and 63 Hz),
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Cxy(f) =

∣∣Pxy(f)
∣∣

√
Px(f)Py(f) 	

where Pxy is the cross-spectral density estimate of MEG and tagging signal; Px and Py are power spectral density esti-
mates of MEG and tagging signals, respectively; f denotes frequency parameter.

	 Pxy = F(x)F(y)∗	

where F denotes Fourier transform and * (asterisk) denotes the complex conjugate.
Spectral coherence was calculated for each trial and then averaged across trials.

Power spectral density

The power spectral density was calculated using the Fourier transform for each sensor and epoch from −1 to 2.5 seconds 
relatively to motion onset. To this end, the time series were split into multiple windows of 1 second length and 0.05 second 
step, weighted by the Hanning taper. The resulting spectral density was averaged within the alpha band (8–13 Hz).

Source localisation

Spectral coherence between MEG and RIFT was projected onto the source space using the linearly constrained minimum 
variance (LCMV) beamformer [24], as implemented in Fieldtrip [23]. To construct the forward model, we first segmented 
the MRI data using FieldTrip, and then the MRI images were manually co-registered with the head shape digitization 
points obtained via the Polhemus Fastrak system. Finally, a single-shell head model was generated by fitting surface 
spherical harmonics to the brain surface [25]. The individual anatomy was wrapped to the standard MNI template using 
non-linear normalisation [23]. A template grid with a 10 mm resolution was applied yielding 3294 source points for each 
participant. Using the spectral coherence, as described in the preceding section, and the lead field matrices a spatial filter 
was calculated for each source point.

Statistical testing

We applied cluster-based permutation test [26] to identify sensors at which neural response to RIFT was above chance 
level (p < 0.05).

The difference between conditions at the group level was evaluated using a paired non-parametric test (two-sided, 
Wilcoxon signed rank test) with False Discovery Rate correction [27].

Results

In this study, we presented participants with two grating patches whose luminance was modulated by RIFT signals (56 
and 63 Hz) while we simultaneously acquired the MEG data. The motion of the gratings was either coherent or incoher-
ent, which allowed for the dissociation of the neural mechanisms of visual integration. To this end, we calculated spectral 
coherence between MEG and RIFT signals for both conditions. Additionally, we conducted an exploratory analysis to 
quantitatively assess the contributions of alpha oscillations and pupil dilation to the visual integration process.

Behavioural results

To ensure that participants responded correctly to the stimuli, and coherent and incoherent motion patterns were distin-
guishable, we calculated the percentage of correct responses to coherent and incoherent motion during RIFT (Fig 2A). 
We found that the accuracy was significantly higher in coherent compared to incoherent motion (p < 0.0025, Wilcoxon 
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test). Similarly, the response times (Fig 2B) were shorter in coherent compared to incoherent motion (p < 0.0001, Wil-
coxon test).

Spectral coherence

Spectral coherence was calculated between RIFT and MEG signals. RIFT produced a strong neural response at the tag-
ging frequencies, 56 and 63 Hz, as well as at their harmonics, 112 and 126 Hz, respectively (Fig 3). However, we did not 
observe intermodulation components peaking at |f2 – f1| or |2*f2 – 2*f1|, as reported elsewhere. The difference in spectral 
coherence between conditions were not significant (p > 0.05 (corrected)) at any frequency.

The coherence at RIFT frequencies (56 Hz and 63 Hz) was largely above the chance level (p < 0.05, permutation test) 
at the occipital, parietal and central sensors (Fig 4). There were several occipital sensors at which coherence was sig-
nificant at the RIFT harmonics (112 Hz and 126 Hz). However, we did not observe significant changes in coherence at 
other frequencies, including intermodulation components (7 Hz and 14 Hz). These results demonstrated that in contrast 
to previous studies with visible tagging, RIFT did not evoke intermodulation components in the power spectrum of neural 
response.

To gain further insight regarding the anatomical location of the neural sources, we projected spectral coherence into 
source space using LCMV beamformer approach. The largest values of spectral coherence between MEG and RIFT at 56 
and 63 Hz were localised within the primary visual cortex (Fig 5). This result suggested that the neural response to RIFT 
has limited propagation beyond the primary visual cortex, which is consistent with earlier research [28,29].

Alpha oscillations

Given that alpha oscillations and neural response to RIFT are linked in perceptual tasks [30] and are both modulated by 
attention [18], we tested whether the visual integration is reflected in neural response outside of the tagging frequencies, 
particularly, in the alpha band (8–13 Hz). To this end, we calculated the power spectral density in the alpha band during 
coherent and incoherent motion. There results indicated a slight increase in the alpha power at the occipital sensors 
during incoherent motion between 0.5 and 1.5 s after motion onset (Fig. 6A). However, the difference between conditions 
was not significant at the group level (p > 0.13; Wilcoxon test). The alpha power tended to increase during incoherent 
motion, and the largest condition difference was observed in the occipitoparietal areas (Fig 6B).

Pupil dilation

Considering that motion stimuli may affect neural responses indirectly, for instance, by changing the arousal level, we 
assessed the changes in pupil diameter at the group level during coherent and incoherent motion. The difference in the 

Fig 2.  Behavioural performance. (A) The percentage of correct responses to coherent and incoherent motion during RIFT. (B) The response times to 
coherent and incoherent motion during RIFT.

https://doi.org/10.1371/journal.pone.0343916.g002

https://doi.org/10.1371/journal.pone.0343916.g002
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Fig 3.  Spatial patterns of spectral coherence between MEG and RIFT signals. The coherence was evaluated between MEG and RIFT presented 
in the left visual hemifield (A) as well as MEG and RIFT presented in the right visual hemifield (B). Black and red lines indicate spectral coherence in 
coherent and incoherent motion conditions, respectively.

https://doi.org/10.1371/journal.pone.0343916.g003

Fig 4.  Statistical analysis of the spatial patterns of coherence. Topography of the MEG sensors showing significant response at the tagging frequen-
cies of 56 and 63 Hz and their harmonics of 112 and 126 Hz (i.e., 2*f1, 2*f2), but not at the intermodulation frequencies 7 and 14 Hz (i.e., |f2–f1| and 
|2*f2–2*f1|)). Topographies were calculated for RIFT presented in the left visual hemifield (A) and in the right visual hemifield (B).

https://doi.org/10.1371/journal.pone.0343916.g004

https://doi.org/10.1371/journal.pone.0343916.g003
https://doi.org/10.1371/journal.pone.0343916.g004
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group averaged pupil diameter was significant after approximately 1 s of motion onset (Fig 7A). Interestingly, the pupil 
diameter was correlated with the alpha power at the group level, and the significant correlation (p < 0.05, corrected) was 
observed in the left centroparietal regions (Fig 7B). This result suggested that coherent and incoherent motion differently 
influenced the arousal level, which may partly explain the differences in behavioural performance.

Fig 5.  Source space analysis. Spectral coherence in sensor and source spaces for RIFT presented in the left hemifield (A) and right hemifield (B), 
respectively.

https://doi.org/10.1371/journal.pone.0343916.g005

Fig. 6.  Temporal evolution and topography of alpha power during visual motion. (A) Temporal changes in spectral density in the alpha band 
during coherent (black line) and incoherent (red line) motion. (B) Topography of the condition difference in the spectral density within the 0.5–1.5 interval 
indicated on panel A.

https://doi.org/10.1371/journal.pone.0343916.g006

https://doi.org/10.1371/journal.pone.0343916.g005
https://doi.org/10.1371/journal.pone.0343916.g006
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Discussion

In this study, we investigate the potential of RIFT technique to probe neural mechanisms involved in visual integration. To 
this end, we presented participants with either coherent or incoherent motion stimuli combined with invisible frequency 
tagging while simultaneously acquiring MEG.

Neural response to RIFT and intermodulation components

We found that RIFT evokes a reliable neural response at the tagging frequencies (i.e., f1 and f2) and their harmonics 
(2*f1 and 2*f2), but we did not observe intermodulation components at |f2 – f1|. This result is consistent with our earlier 
study utilising RIFT at 63 and 78 Hz [16], where intermodulation components were absent in response to static images. 
The absence of intermodulation components may be attributable to several factors. Firstly, given that these components 
typically exhibit relatively low amplitudes in MEG recordings [9], a larger sample size may be required to detect statisti-
cally significant effects. Secondly, the local nature of neural response to invisible flicker suggests limited propagation of 
high-frequency activity beyond the primary visual cortex [28,29] and given that visual integration is likely to occur at higher 
levels of the visual hierarchy, the integration effect is not reflected in the observed neural response. Thirdly, intermodula-
tion components |f2 – f1| are typically observed at lower frequencies around 1.26 Hz [31] and 2.5 Hz [13], and therefore, 
the 7 Hz difference between the two tagging frequencies used in the current study might be insufficient to elicit intermodu-
lation components.

Neural response to coherent and incoherent motion

Neural response to coherent and incoherent motion was evaluated through spectral coherence calculated between RIFT and 
MEG. The coherence was not significantly different between these conditions at any of the tagging frequencies, their har-
monics or intermodulation components. This result may suggest that moving gratings did not engage visual integration rather 
other processes such as attention, resulting in distinct behavioural outcomes during coherent versus incoherent motion.

To test whether spatial attention was employed in this paradigm, we evaluated changes in alpha power associated with 
coherent and incoherent motion. Although alpha power tends to increase in occipital areas during incoherent motion, this 
effect was not significant. Nevertheless, this may suggest that motion stimuli influenced attention or arousal levels.

Neurophysiological factors affecting neural response to motion

Given that pupil dilation reflects physical characteristics of visual stimuli [32] as well as neurophysiological characteris-
tics such as arousal level [33], we used eye-tracking data to explore factors that may influence the neural response. Our 

Fig 7.  Pupil dilation and its correlation with alpha power. (A) Group averaged pupil dimeter during coherent (black line) and incoherent (red line) 
motion. (B) Group level correlation between the pupil diameter and alpha power. Sensors with significant correlation are marked with asterisks.

https://doi.org/10.1371/journal.pone.0343916.g007

https://doi.org/10.1371/journal.pone.0343916.g007
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results showed that the pupil diameter became significantly larger during incoherent motion after approximately 1 s of 
motion onset. Since the luminance of the stimuli was identical in both conditions, this effect is unlikely to be explained by 
stimuli characteristics alone. On the other hand, and in line with our behavioural data showing a significant decrease in 
accuracy and response time during incoherent motion, we can assume that motion stimuli do affect the arousal level.

It has been shown that periods of elevated arousal are coincide with increased attention [33] and pupil-linked arousal 
can be reflected in a negative correlation between pupil diameter and alpha power [34]. To test this, we assessed the 
correlation between alpha power and pupil diameter within 1–2.5 s after motion onset, and found a negative correlation, 
primarily in the left centroparietal regions. This result further confirmed that motion stimuli in our paradigm modulate the 
arousal level but may not activate the mechanism of visual integration.

Conclusion

In this study, we demonstrated that invisible frequency tagging evokes robust neural response at the tagging frequencies 
and their harmonics but does not summon intermodulation components. Therefore, compared to low-frequency visible 
tagging, the use of RIFT for investigating neural mechanisms of visual integration may be limited. Furthermore, explor-
atory analyses of alpha power and pupil dilation suggested that moving gratings may primarily modulate arousal levels 
rather than engage neural mechanisms of visual integration, thereby limiting their suitability for studying visual integration.

Acknowledgments

We thank Jonathan L. Winter for providing help with the MEG recordings.

Author contributions

Conceptualization: Alexander Zhigalov, Ole Jensen.

Data curation: Alexander Zhigalov.

Formal analysis: Alexander Zhigalov.

Funding acquisition: Ole Jensen.

Investigation: Alexander Zhigalov, Ole Jensen.

Methodology: Alexander Zhigalov, Ole Jensen.

Project administration: Ole Jensen.

Software: Alexander Zhigalov.

Supervision: Ole Jensen.

Visualization: Alexander Zhigalov.

Writing – original draft: Alexander Zhigalov.

Writing – review & editing: Alexander Zhigalov, Ole Jensen.

References
	1.	 Milner PM. A model for visual shape recognition. Psychol Rev. 1974;81(6):521–35. https://doi.org/10.1037/h0037149 PMID: 4445414

	2.	 Singer W, Gray CM. Visual feature integration and the temporal correlation hypothesis. Annu Rev Neurosci. 1995;18:555–86. https://doi.org/10.1146/
annurev.ne.18.030195.003011 PMID: 7605074

	3.	 Aissani C, Cottereau B, Dumas G, Paradis A-L, Lorenceau J. Magnetoencephalographic signatures of visual form and motion binding. Brain Res. 
2011;1408:27–40. https://doi.org/10.1016/j.brainres.2011.05.051 PMID: 21782159

	4.	 Majaj NJ, Carandini M, Movshon JA. Motion integration by neurons in macaque MT is local, not global. J Neurosci. 2007;27(2):366–70. https://doi.
org/10.1523/JNEUROSCI.3183-06.2007 PMID: 17215397

https://doi.org/10.1037/h0037149
http://www.ncbi.nlm.nih.gov/pubmed/4445414
https://doi.org/10.1146/annurev.ne.18.030195.003011
https://doi.org/10.1146/annurev.ne.18.030195.003011
http://www.ncbi.nlm.nih.gov/pubmed/7605074
https://doi.org/10.1016/j.brainres.2011.05.051
http://www.ncbi.nlm.nih.gov/pubmed/21782159
https://doi.org/10.1523/JNEUROSCI.3183-06.2007
https://doi.org/10.1523/JNEUROSCI.3183-06.2007
http://www.ncbi.nlm.nih.gov/pubmed/17215397


PLOS One | https://doi.org/10.1371/journal.pone.0343916  March 4, 2026 11 / 12

	 5.	 Sokolov A, Lutzenberger W, Pavlova M, Preissl H, Braun C, Birbaumer N. Gamma-band MEG activity to coherent motion depends on task-driven 
attention. Neuroreport. 1999;10(10):1997–2000. https://doi.org/10.1097/00001756-199907130-00001 PMID: 10424663

	 6.	 Zemon V, Ratliff F. Visual evoked potentials: evidence for lateral interactions. Proc Natl Acad Sci U S A. 1982;79(18):5723–6. https://doi.
org/10.1073/pnas.79.18.5723 PMID: 6957888

	 7.	 Zemon V, Ratliff F. Intermodulation components of the visual evoked potential: responses to lateral and superimposed stimuli. Biol Cybern. 
1984;50(6):401–8. https://doi.org/10.1007/BF00335197 PMID: 6487677

	 8.	 Appelbaum LG, Wade AR, Pettet MW, Vildavski VY, Norcia AM. Figure-ground interaction in the human visual cortex. J Vis. 2008;8(9):8.1-19. 
https://doi.org/10.1167/8.9.8 PMID: 18831644

	 9.	 Giani AS, Ortiz E, Belardinelli P, Kleiner M, Preissl H, Noppeney U. Steady-state responses in MEG demonstrate information integration within but 
not across the auditory and visual senses. Neuroimage. 2012;60(2):1478–89. https://doi.org/10.1016/j.neuroimage.2012.01.114 PMID: 22305992

	10.	 Norcia AM, Appelbaum LG, Ales JM, Cottereau BR, Rossion B. The steady-state visual evoked potential in vision research: A review. J Vis. 
2015;15(6):4. https://doi.org/10.1167/15.6.4 PMID: 26024451

	11.	 Alp N, Nikolaev AR, Wagemans J, Kogo N. EEG frequency tagging dissociates between neural processing of motion synchrony and human quality 
of multiple point-light dancers. Sci Rep. 2017;7:44012. https://doi.org/10.1038/srep44012 PMID: 28272421

	12.	 Gundlach C, Müller MM. Perception of illusory contours forms intermodulation responses of steady state visual evoked potentials as a neural sig-
nature of spatial integration. Biol Psychol. 2013;94(1):55–60. https://doi.org/10.1016/j.biopsycho.2013.04.014 PMID: 23665197

	13.	 Bock EA, Fesi JD, Baillet S, Mendola JD. Tagged MEG measures binocular rivalry in a cortical network that predicts alternation rate. PLoS One. 
2019;14(7):e0218529. https://doi.org/10.1371/journal.pone.0218529 PMID: 31295259

	14.	 Gordon N, Hohwy J, Davidson MJ, van Boxtel JJA, Tsuchiya N. From intermodulation components to visual perception and cognition-a review. 
Neuroimage. 2019;199:480–94. https://doi.org/10.1016/j.neuroimage.2019.06.008 PMID: 31173903

	15.	 Fisher RS, Acharya JN, Baumer FM, French JA, Parisi P, Solodar JH, et al. Visually sensitive seizures: An updated review by the Epilepsy Founda-
tion. Epilepsia. 2022;63(4):739–68. https://doi.org/10.1111/epi.17175 PMID: 35132632

	16.	 Zhigalov A, Herring JD, Herpers J, Bergmann TO, Jensen O. Probing cortical excitability using rapid frequency tagging. Neuroimage. 2019;195:59–
66. https://doi.org/10.1016/j.neuroimage.2019.03.056 PMID: 30930309

	17.	 Seijdel N, Marshall TR, Drijvers L. Rapid invisible frequency tagging (RIFT): a promising technique to study neural and cognitive processing using 
naturalistic paradigms. Cereb Cortex. 2023;33(5):1626–9. https://doi.org/10.1093/cercor/bhac160 PMID: 35452080

	18.	 Zhigalov A, Jensen O. Alpha oscillations do not implement gain control in early visual cortex but rather gating in parieto-occipital regions. Hum 
Brain Mapp. 2020;41(18):5176–86. https://doi.org/10.1002/hbm.25183 PMID: 32822098

	19.	 Pelli DG. The VideoToolbox software for visual psychophysics: transforming numbers into movies. Spat Vis. 1997;10(4):437–42. https://doi.
org/10.1163/156856897x00366 PMID: 9176953

	20.	 Taulu S, Simola J. Spatiotemporal signal space separation method for rejecting nearby interference in MEG measurements. Phys Med Biol. 
2006;51(7):1759–68. https://doi.org/10.1088/0031-9155/51/7/008 PMID: 16552102

	21.	 Gramfort A, Luessi M, Larson E, Engemann DA, Strohmeier D, Brodbeck C, et al. MEG and EEG data analysis with MNE-Python. Front Neurosci. 
2013;7:267. https://doi.org/10.3389/fnins.2013.00267 PMID: 24431986

	22.	 Hyvärinen A. Fast and robust fixed-point algorithms for independent component analysis. IEEE Trans Neural Netw. 1999;10(3):626–34. https://doi.
org/10.1109/72.761722 PMID: 18252563

	23.	 Oostenveld R, Fries P, Maris E, Schoffelen J-M. FieldTrip: Open source software for advanced analysis of MEG, EEG, and invasive electrophysio-
logical data. Comput Intell Neurosci. 2011;2011:156869. https://doi.org/10.1155/2011/156869 PMID: 21253357

	24.	 Van Veen BD, van Drongelen W, Yuchtman M, Suzuki A. Localization of brain electrical activity via linearly constrained minimum variance spatial 
filtering. IEEE Trans Biomed Eng. 1997;44(9):867–80. https://doi.org/10.1109/10.623056 PMID: 9282479

	25.	 Nolte G. The magnetic lead field theorem in the quasi-static approximation and its use for magnetoencephalography forward calculation in realistic 
volume conductors. Phys Med Biol. 2003;48(22):3637–52. https://doi.org/10.1088/0031-9155/48/22/002 PMID: 14680264

	26.	 Maris E, Oostenveld R. Nonparametric statistical testing of EEG- and MEG-data. J Neurosci Methods. 2007;164(1):177–90. https://doi.
org/10.1016/j.jneumeth.2007.03.024 PMID: 17517438

	27.	 Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. Journal of the Royal Statisti-
cal Society Series B: Statistical Methodology. 1995;57(1):289–300. https://doi.org/10.1111/j.2517-6161.1995.tb02031.x

	28.	 Kamphuisen A, Bauer M, van Ee R. No evidence for widespread synchronized networks in binocular rivalry: MEG frequency tagging entrains 
primarily early visual cortex. J Vis. 2008;8(5):4.1-8. https://doi.org/10.1167/8.5.4 PMID: 18842075

	29.	 Schneider M, Tzanou A, Uran C, Vinck M. Cell-type-specific propagation of visual flicker. Cell Rep. 2023;42(5):112492. https://doi.org/10.1016/j.
celrep.2023.112492 PMID: 37195864

	30.	 Gutteling TP, Sillekens L, Lavie N, Jensen O. Alpha oscillations reflect suppression of distractors with increased perceptual load. Prog Neurobiol. 
2022;214:102285. https://doi.org/10.1016/j.pneurobio.2022.102285 PMID: 35533812

	31.	 Boremanse A, Norcia AM, Rossion B. An objective signature for visual binding of face parts in the human brain. J Vis. 2013;13(11).

https://doi.org/10.1097/00001756-199907130-00001
http://www.ncbi.nlm.nih.gov/pubmed/10424663
https://doi.org/10.1073/pnas.79.18.5723
https://doi.org/10.1073/pnas.79.18.5723
http://www.ncbi.nlm.nih.gov/pubmed/6957888
https://doi.org/10.1007/BF00335197
http://www.ncbi.nlm.nih.gov/pubmed/6487677
https://doi.org/10.1167/8.9.8
http://www.ncbi.nlm.nih.gov/pubmed/18831644
https://doi.org/10.1016/j.neuroimage.2012.01.114
http://www.ncbi.nlm.nih.gov/pubmed/22305992
https://doi.org/10.1167/15.6.4
http://www.ncbi.nlm.nih.gov/pubmed/26024451
https://doi.org/10.1038/srep44012
http://www.ncbi.nlm.nih.gov/pubmed/28272421
https://doi.org/10.1016/j.biopsycho.2013.04.014
http://www.ncbi.nlm.nih.gov/pubmed/23665197
https://doi.org/10.1371/journal.pone.0218529
http://www.ncbi.nlm.nih.gov/pubmed/31295259
https://doi.org/10.1016/j.neuroimage.2019.06.008
http://www.ncbi.nlm.nih.gov/pubmed/31173903
https://doi.org/10.1111/epi.17175
http://www.ncbi.nlm.nih.gov/pubmed/35132632
https://doi.org/10.1016/j.neuroimage.2019.03.056
http://www.ncbi.nlm.nih.gov/pubmed/30930309
https://doi.org/10.1093/cercor/bhac160
http://www.ncbi.nlm.nih.gov/pubmed/35452080
https://doi.org/10.1002/hbm.25183
http://www.ncbi.nlm.nih.gov/pubmed/32822098
https://doi.org/10.1163/156856897x00366
https://doi.org/10.1163/156856897x00366
http://www.ncbi.nlm.nih.gov/pubmed/9176953
https://doi.org/10.1088/0031-9155/51/7/008
http://www.ncbi.nlm.nih.gov/pubmed/16552102
https://doi.org/10.3389/fnins.2013.00267
http://www.ncbi.nlm.nih.gov/pubmed/24431986
https://doi.org/10.1109/72.761722
https://doi.org/10.1109/72.761722
http://www.ncbi.nlm.nih.gov/pubmed/18252563
https://doi.org/10.1155/2011/156869
http://www.ncbi.nlm.nih.gov/pubmed/21253357
https://doi.org/10.1109/10.623056
http://www.ncbi.nlm.nih.gov/pubmed/9282479
https://doi.org/10.1088/0031-9155/48/22/002
http://www.ncbi.nlm.nih.gov/pubmed/14680264
https://doi.org/10.1016/j.jneumeth.2007.03.024
https://doi.org/10.1016/j.jneumeth.2007.03.024
http://www.ncbi.nlm.nih.gov/pubmed/17517438
https://doi.org/10.1111/j.2517-6161.1995.tb02031.x
https://doi.org/10.1167/8.5.4
http://www.ncbi.nlm.nih.gov/pubmed/18842075
https://doi.org/10.1016/j.celrep.2023.112492
https://doi.org/10.1016/j.celrep.2023.112492
http://www.ncbi.nlm.nih.gov/pubmed/37195864
https://doi.org/10.1016/j.pneurobio.2022.102285
http://www.ncbi.nlm.nih.gov/pubmed/35533812


PLOS One | https://doi.org/10.1371/journal.pone.0343916  March 4, 2026 12 / 12

	32.	 Kloosterman NA, Meindertsma T, van Loon AM, Lamme VAF, Bonneh YS, Donner TH. Pupil size tracks perceptual content and surprise. Eur J 
Neurosci. 2015;41(8):1068–78. https://doi.org/10.1111/ejn.12859 PMID: 25754528

	33.	 Pfeffer T, Keitel C, Kluger DS, Keitel A, Russmann A, Thut G, et al. Coupling of pupil- and neuronal population dynamics reveals diverse influences 
of arousal on cortical processing. Elife. 2022;11:e71890. https://doi.org/10.7554/eLife.71890 PMID: 35133276

	34.	 Meindertsma T, Kloosterman NA, Nolte G, Engel AK, Donner TH. Multiple Transient Signals in Human Visual Cortex Associated with an Elemen-
tary Decision. J Neurosci. 2017;37(23):5744–57. https://doi.org/10.1523/JNEUROSCI.3835-16.2017 PMID: 28495972

https://doi.org/10.1111/ejn.12859
http://www.ncbi.nlm.nih.gov/pubmed/25754528
https://doi.org/10.7554/eLife.71890
http://www.ncbi.nlm.nih.gov/pubmed/35133276
https://doi.org/10.1523/JNEUROSCI.3835-16.2017
http://www.ncbi.nlm.nih.gov/pubmed/28495972

