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ABSTRACT
Visual processing is influenced by spatial attention and prediction. Yet, in humans, it is still unclear if early sensory processing in 
the primary visual cortex (V1) is influenced by these top-down factors. To answer this question, various EEG studies have looked 
at the retinotopic C1 event-related potential (ERP), which arises from V1. Despite the fact that research on this question has been 
ongoing for more than two decades, discrepant findings have been reported. One reason for this heterogeneity could be due to 
the majority of studies focusing mostly on attention, without considering the possible role of prediction. Another reason could 
stem from the C1's specific sensitivities to stimulus features and individual differences. To address these issues, we developed 
a new paradigm that maximally utilizes the visual and spatial properties of the C1 and allows for the factorial manipulation of 
spatial attention and prediction. We also used gaze-contingent eye-tracking to confirm the use of peripheral vision to process the 
stimuli. Additionally, to account for the individual differences in the C1 response the experiment was tailored to each participant 
using an independent localizer. The ERP results showed a significantly smaller C1 amplitude in the upper visual field when 
attention was directed toward the peripheral stimulus as opposed to when it was directed away toward the center of the screen. 
After applying linear deconvolution to correct for temporal overlap between sequential ERP responses, this effect disappeared. 
We found that attention influenced the P1, while prediction mostly affected the P3. These novel results suggest that early sensory 
processing in V1 is not directly influenced by either attention or prediction; their effects are dissociable and mostly concern the 
P1 and P3 ERP components.

1   |   Introduction

Visual processing is determined not only by sensory input but also 
by active goals and prior knowledge (Clark and Hillyard 1996; De 
Lange et al. 2018; Kok et al. 2014; Luck et al. 2000; Muckli and 
Petro 2013; Rao and Ballard 1999). As information travels through 
the visual cortex, it is modulated by top-down processes such as 
attention and prediction, leading to efficient inferences about the 
visual environment. Over the last decades, various functional 
magnetic resonance imaging (fMRI; Aitken et  al.  2020; Alink 
et al. 2010; Kok et al. 2014; Kok, Rahnev, et al. 2012; Richter and De 
Lange 2019) and animal studies (Debes and Dragoi 2023; Gilbert 

and Li 2013; Kapadia et al. 1995) have established that this modu-
lation already occurs at least at the level of the primary visual cor-
tex (V1) if not at an even lower level (Lamme and Roelfsema 2000). 
According to prominent predictive coding theories, sensory input 
is integrated through the processing of prediction errors (PEs) that 
are generated along with the transmission of information through 
various levels of the cortical hierarchy (i.e., feedforward sweep); 
each level then produces an updating response to that information 
(i.e., feedback sweep) depending on the size of the PE to thereby 
adapt the system for future inference (Clark 2013; Friston 2009; 
Rao and Ballard 1999). However, even though some studies have 
been able to indirectly differentiate feedforward and feedback 
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activity by investigating connectivity between cortical layers of V1 
(Aitken et al. 2020; Thomas et al. 2024), a direct temporal distinc-
tion between these two processes has remained difficult, mainly 
due to fMRI's sluggish temporal resolution.

To investigate whether V1 is modulated during feedforward pro-
cessing, various EEG studies have examined the C1 event-related 
potential (ERP) component. This deflection is the earliest observ-
able electrophysiological response to visual stimuli (≈60–90 ms 
post stimulus onset) and is sensitive to low-level visual prop-
erties that depend on V1, including spatial frequency and lumi-
nance contrast (Foxe et al. 2008; Gebodh et al. 2017; Kenemans 
et al. 2000; Pitts et al. 2010; Proverbio et al. 2010; Rauss et al. 2011). 
Additionally, the C1 shows a distinctive electrophysiological prop-
erty that corresponds to V1's anatomy, namely a polarity reversal 
depending on the position of the stimulus along the vertical axis/
meridian. More specifically, the C1 is positive for stimuli shown in 
the lower visual field (LVF), but negative for the exact same stimuli 
shown in the upper visual field (UVF), corresponding to the acti-
vation of pyramidal neurons above and below the calcarine fissure 
with opposite orientations, respectively (Clark and Hillyard 1996; 
Di Russo et  al.  2002; Jeffreys and Axford  1972; Kelly, Vanegas, 
et al. 2013). Accordingly, the C1 ERP component is generally con-
sidered an early visual activity arising from V1 following stimulus 
onset (Foxe and Simpson 2002). While some authors have critiqued 
this notion by pointing out that polarity reversals can also occur 
for later components (Ales et al. 2010, 2013), subsequent work has 
reinforced that the specific, early, and retinotopically precise pat-
tern of the C1 is unique to V1, as is demonstrated in studies lever-
aging comprehensive visual field mapping (Kelly, Schroeder, and 
Lalor 2013; Kelly, Vanegas, et al. 2013; Mohr et al. 2024).

After more than two decades of psychophysiology research, the 
modulation of the C1 amplitude by top-down factors is still a 
point of contention (Qin et  al.  2023). Early studies looking at 
spatial attentional effects on visual ERPs found that while the 
P1 (80–120 ms) or N1 (140–200 ms) component, both arising 
from the extrastriate visual cortex, were modulated by this top-
down factor, the preceding C1 was not (Clark and Hillyard 1996; 
Hillyard et  al.  1998; Luck et  al.  2000; Mangun et  al.  2001). 
Moreover, studies combining fMRI with EEG have shown that 
while spatial attention modulated V1, it did not affect the C1 as 
opposed to the subsequent P1 and N1 components (Martıńez 
et  al.  1999, 2001; Noesselt et  al.  2002), which is in agreement 
with a feedback or re-entrant effect from the extrastriate cortex 
onto the striate cortex. Nonetheless, following these early null 
findings for the C1, other more recent ERP studies have docu-
mented modulations of the C1 by spatial attention or attentional 
load, especially when taking into account C1-specific proper-
ties and minimizing inter-individual differences in V1 anat-
omy (Dassanayake et al. 2016; Fu et al. 2009; Kelly et al. 2008; 
Mohr et  al.  2020; Wolf et  al.  2022; see Slotnick  2018 for a re-
view). For instance, Kelly et al. (2008) were among the first to 
provide evidence of attentional modulation of the C1. They did 
so by taking into account the relationship between C1 response 
and stimulus' spatial positioning resulting from possible neu-
roanatomical differences. To do this, they used a functional lo-
calization procedure to adjust stimulus presentation positions 
to better correspond to each participant's optimal mapping 
and found a greater C1 magnitude in the presence of attention. 
Yet, recent attempts have failed to replicate these results, even 

when taking individual neuroanatomy into account (Alilović 
et al. 2019; Baumgartner et al. 2018). In fact, some researchers 
have argued that null results for the C1 seemingly outnumber 
positive findings (e.g., Baumgartner et al. 2018). However, in a 
recent meta-analysis including all C1 studies available in the ex-
isting literature and considering different types of attention ma-
nipulations, Qin et al. (2022) found moderate evidence (Cohen's 
dz = 0.33) for a significant modulation of this ERP component 
by attention, expressed by a larger amplitude for attended com-
pared to unattended stimuli or locations.

One reason that could be contributing to the difficulty of find-
ing systematic top-down modulations on the C1, in addition to 
neuroanatomical and stimulus specific parameters, is that the 
vast majority of studies manipulating spatial attention have 
done so (either endogenously or exogenously) by cueing a spe-
cific location in the visual field (either left/right or upper/lower), 
in keeping with the logic of the Posner task (see Qin et al. 2022; 
Slotnick  2018). However, a potential problem with this stan-
dard approach is that it remains difficult to disentangle the ef-
fects of spatial attention from prediction (Doricchi et al. 2022; 
Summerfield and Egner 2009). This is a limitation because these 
two processes can yield opposing effects in V1: whereas atten-
tion is known to boost, via dedicated gain control mechanisms, 
neural activity in V1 (Di Russo et al. 2002; Martıńez et al. 1999; 
Noesselt et al. 2002), prediction has been shown to attenuate it 
in this area (Alink et al. 2010; Egner et al. 2010). In fact, some 
fMRI studies investigating both factors concurrently have 
shown that they can yield complex interaction effects on neural 
activation in the visual cortex, including in V1 (Kok, Jehee, and 
de Lange ; Kok, Rahnev, et al. 2012; Richter and De Lange 2019). 
For instance, Kok, Jehee, and de Lange (2012) elegantly manip-
ulated spatial attention by having participants only respond to 
stimuli appearing in a cued part of the visual field (either left or 
right) while ignoring stimuli appearing in the other part of the 
visual field. Prediction, on the other hand, was manipulated or-
thogonally by altering the likelihood of stimuli appearing in one 
visual field over the other. They found that for the attended part 
of the visual field, predicted stimuli had more contralateral acti-
vation in V1 and the extrastriate cortex (V2 and V3) compared to 
unpredicted stimuli. For the unattended part of the visual field, 
on the other hand, this effect was inversed, namely a larger acti-
vation was found for unpredicted compared to predicted stimuli. 
Activation in the ipsilateral visual cortex (i.e., corresponding to 
the visual field where stimuli were absent) had the exact oppo-
site pattern.

Despite this, very few EEG studies have examined the possible 
interaction effect of attention with prediction on early visual 
processing and more specifically on the C1 component (Alilović 
et al. 2019; Herde et al. 2018). A notable exception is the study 
performed by Alilović et al. (2019), who employed many of the 
same experimental manipulations used by Kelly et  al.  (2008), 
including an individualized stimulus presentation and a 
Posner-like attentional manipulation that consisted of cueing 
the task-relevant visual field, with the addition of a prediction 
manipulation (stimulus likelihood) similar to Kok, Jehee, and 
de Lange (2012), but they reported no effects of either attention 
or prediction on the C1. However, because both attention and 
prediction manipulations were aimed at influencing processing 
of one visual field over the other in their experimental design, 
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effects on the C1 component would have to depend on lateral-
ized processing. Whereas the use of fMRI allowed Kok, Jehee, 
and de Lange (2012) to distinguish opposing activation profiles, 
emerging from attention/prediction interactions, between con-
tralateral and ipsilateral parts of the visual cortex, this complex 
distinction could be more difficult to observe when looking at 
the C1 component. For instance, opposing modulations of at-
tention and prediction on contra- and ipsilateral hemispheres 
could confound the observed effects on centrally measured C1 
activity. In fact, research using Posner-like attention manipula-
tions has often found differing effects of attention between ipsi- 
and contralateral electrodes, particularly on the later P1 and N1 
components, which are measured along more lateral occipital 
regions (Di Russo et  al.  2002; Hillyard et  al.  1998; Mangun 
et al. 2001; Marzecová et al. 2017; Noesselt et al. 2002). This is 
also the case for Alilović et al. (2019) who found a significant P1 
attention modulation as well as a marginal effect of prediction, 
but in both cases only for electrodes contralateral to stimulus 
presentation and not ipsilateral ones.

In the present study, we aimed to address these limitations when 
investigating the dynamics of top-down influences on early vi-
sual processing in V1. We did so by orthogonally manipulating 
spatial attention and prediction and quantifying their influence 
on the C1 component (as well as subsequent visual ERPs). More 
specifically, we manipulated spatial attention without contrast-
ing the left and right visual fields but instead by directing at-
tention to either the center of the visual field or to the periphery 
(where the C1-eliciting stimulus was shown). Independently of 
attention, we also manipulated prediction by altering the like-
lihood of the stimulus. This prediction concerned the location 
of the stimulus, as could be inferred based on apparent motion 
(Ekroll et al. 2008; Kolers 1963). On each trial, four successive 
visual stimuli were shown in close temporal proximity in the 
four visual quadrants to produce a specific directional rotation 
(i.e., the stimulus rotated either clockwise or anticlockwise) that 
was maintained/reinforced at the block level. Hence, the partic-
ipants could predict this rotation (i.e., where the next stimulus 
was shown in the visual field) and this is the very property that 
we altered, irrespective of attention. Unexpectedly, on some tri-
als during the block, an opposite rotation unfolded (e.g., instead 
of clockwise, the stimulus rotated anticlockwise). We employed 
this because apparent motion has been shown to affect predic-
tive processing in V1 in previous fMRI studies (Alink et al. 2010; 
Muckli and Petro 2013). In addition, we also took into account 
the variability of C1 responses due to individual neuroanatomy 
by adjusting stimulus presentation to correspond to each partici-
pant's optimal C1 signature. We assessed if attention, prediction 
or their interaction effect could influence the C1, but also the 
subsequent ERP components (P1, N1 and P3).

2   |   Methods

2.1   |   Participants

In their meta-analysis, Qin et al. (2022) reported a mean Cohen's 
d of 0.33 for attentional effects on the C1. Using it as a prior, 
we made a power estimation using G*Power (Faul et al. 2007), 
which indicated that 18 participants were needed to find a simi-
lar effect size with a within-subject repeated measures ANOVA 

and a power of 0.9. We therefore aimed to collect data from at 
least 18 participants resulting in the recruitment of 26 partic-
ipants in total, after accounting for participant drop-out. All 
participants were recruited via Sona Systems, which is an on-
line recruiting tool used by Ghent University. We excluded one 
participant from the analyses because of EEG recording issues. 
Two others were excluded because we could not record eye 
movements. Lastly, the experimental session was cut short for 
two other participants. This led to the partial loss of data, more 
specifically when these participants were attending the periph-
ery (see below). The remaining data, however, was still included 
in the final analyses, which consisted of data from 23 partici-
pants (15 female, mean age: 24.3, SD: 7.0, 19 righthanded), all 
of whom had normal or corrected-to-normal vision. The study 
was approved by the local Ethics Committee of the Faculty of 
Psychology and Educational Sciences at Ghent University; all 
participants gave written informed consent and were rewarded 
30 Euros for their participation.

2.2   |   Apparatus

The experiment took place in a dimly lit, electrically shielded 
room. Participants were seated in front of a 19′ inch CRT 
monitor with a refresh rate of 75 Hz at a 1600 × 1200 resolu-
tion. To restrain movements and to set the distance from the 
screen fixed at 63 cm, a chin rest was used. Stimuli were gen-
erated and presented using Python 3.8 and Psychopy v2022.2.4 
(Peirce et  al. 2019) on a Dell Optiplex 7090 mini-tower (CPU 
i5-10,600, 16 GB RAM). Eye movements were continuously re-
corded at 1000 Hz using an SR-research Eyelink 1000 plus sys-
tem. Electrophysiological data were collected with a 64-channel 
BioSemi ActiveTwo system at a sampling rate of 512 Hz and po-
sitioned according to the extended international 10–20 system. 
CMS-DRL electrodes were used as online reference. Lastly, four 
electrooculograms were placed: on the left and right canthi for 
the detection of horizontal eye movements, and above and below 
the left eye for the detection of blinks.

2.3   |   Stimuli and Design

In each trial, a stimulus was peripherally presented four times, 
once in each quadrant of the screen (i.e., top left, top right, bottom 
right, and bottom left). The presentation pattern was designed 
to induce an apparent rotational motion (Alink et  al.  2010; 
Ekroll et al. 2008; Kolers 1963) with the stimulus appearing se-
quentially in either a clockwise or anticlockwise direction (see 
Figure  1A) around a central fixation cross (width: 0.75° VA). 
This rotation was used to manipulate prediction by having one 
direction (regular condition: 75% of trials) be more frequent than 
the other one (odd condition: 25% of trials) throughout the exper-
iment. For half of the participants, the regular rotation direction 
was clockwise and the odd direction was anticlockwise, while 
the reverse mapping was true for the other half. It is important 
to note that at the trial level, the first moment where a violation 
of prediction could be detected was the presentation of the sec-
ond stimulus (of the rotation), and this stimulus was therefore 
expected to elicit the strongest PE. To be able to compare specif-
ically this second stimulus between regular and odd trials, the 
experiment had two diametric starting positions (i.e., top left/
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bottom right or top right/bottom left) so that in trials with a dif-
ferent starting position, the second stimulus would appear in the 
same spatial position in clockwise and anticlockwise rotations. 
The starting positions were determined individually for every 
participant by a localizer prior to the start of the main experi-
ment (see procedure).

Attention was manipulated by having participants either attend 
to this peripheral stimulus or the fixation cross. We did this by 
including a target detection task in which participants had to 
respond as quickly as possible by pressing the spacebar when 
the peripheral stimulus turned red in one condition (peripheral 
attention) or when the fixation cross turned red in the other con-
dition (central attention). More precisely, in the peripheral atten-
tion condition, the stimulus would appear red instead of white, 
only once within a trial, and with the same probability for any of 
the four quadrants. In the central attention condition, the fixa-
tion cross, which stayed on screen, would turn red for the dura-
tion of one of the stimulus presentations in a trial. Importantly, 
these targets were very infrequent, only occurring in 3% (26 tri-
als) of the total trials (840 trials; see Figure 1B). These conditions 
did not overlap, meaning that in the peripheral attention con-
dition, only the stimulus could turn red whereas in the central 
attention condition, only the fixation cross could turn red. Half 
of the participants were assigned to the peripheral condition in 
the first part of the experiment and the central condition in the 
second part, with this order being reversed for the other half of 
the participants.

The peripheral stimulus was specifically designed to elicit a 
robust C1 response and consisted of an array (width: 6° VA) 
with a high spatial frequency of 12 by 10 white horizontal lines 
(length: 0.76° VA, width: 0.04° VA) on a black background (Qin 
et al. 2023). This texture created a strong contrast and was ac-
companied by edge effects because each line had a slight offset 
(±0.08° VA). The stimulus used throughout the experiment was 

always the same (except for turning red during target trials) and 
was presented at a fixed distance of 8.36° VA from the fixation 
cross to the center of the array.

2.4   |   Procedure

After receiving a short briefing, filing in the consent form, and 
undergoing EEG preparation, participants were seated in the 
testing chamber where they had to fill in their demographic 
information and select their preferred instruction language (ei-
ther Dutch or English). In the chamber, they received further 
instructions about the eye-tracker calibration and the need to 
maintain fixation throughout. The experimental session con-
sisted of two parts: a localizer and the main experiment. The 
localizer entailed the presentation of the same stimulus with the 
same duration and inter-stimulus interval (ISI) (see below) as 
the main experiment but without the main experimental ma-
nipulations. The stimulus was thus presented in a completely 
random pattern (i.e., without recurrent rotation and with some 
repetitions possible), without the division of four stimulus pre-
sentations per trial and under passive viewing conditions (i.e., 
no target detection task). The purpose of the localizer was to 
identify the quadrant for each participant that elicited the stron-
gest C1 response so that the main experiment could be adjusted 
to correspond to this optimal quadrant (i.e., to have the second 
stimulus that belonged to the rotation sequence in the main ex-
periment appear at this specific location). As mentioned above, 
there were two different starting positions and as a result, there 
were two positions where the critical prediction manipulation 
occurred (i.e., the presentation of the second stimulus of the 
trial; see Figure 1A). The starting positions (i.e., top left/bottom 
right or top right/bottom left) were selected individually for each 
participant so that one of these critical positions coincided with 
the participants' optimal C1 quadrant. Additionally, the local-
izer data were used for C1 peak selections in the main analyses 

FIGURE 1    |    Experiment design. (A) On every trial, a stimulus designed to elicit a strong C1 response appeared sequentially in each quadrant of 
the screen. The order of the sequence was designed to induce rotational motion, either clockwise or anticlockwise. One of these rotation directions 
was more frequent (75%) than the other one (25%). Two different starting positions of the stimulus in a trial depended on the individual C1 response 
and alternated every 7–8 blocks. The location of the second stimulus in each trial depended on the rotation direction and the starting position. The 
different starting positions allowed for the comparison between predicted and unpredicted rotation when the second stimulus was in the same spatial 
location (indicated by the orange outline). On the figure, the arrows are used to indicate the direction of the rotation, but they were not used during 
the experiment (B) A target appeared in 3% of trials. In one part of the experiment (peripheral attention), this target was the peripheral stimulus in 
red instead of white and in the other part (central attention), the target was the fixation cross turning red for the duration of one stimulus presenta-
tion (100 ms).
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and for electrode selection in the individualized C1 analysis 
(Kelly et al. 2008). The data of the localizer were pre-processed 
and analyzed online prior to the start of the main experiment 
(see below).

The main experiment was divided into 30 blocks, each con-
taining 28 trials. Every trial, the stimulus was presented four 
times, each time for 100 ms followed by an ISI randomly varying 
between 450 and 590 ms derived by drawing random integers 
from a uniform distribution. Trials were separated by an addi-
tional 500 ms inter-trial interval (ITI). The duration of the ISI 
was based on prior deconvolution estimations using simulated 
data (see section on linear deconvolution). Between every block, 
participants could take a short break during which they saw a 
screen displaying their performance thus far (total number of 
hits and misses). The first 15 blocks consisted of one attention 
condition (either central or peripheral), and the last 15 blocks 
consisted of the other attention condition. In between these 
two sections, a longer break was provided, after which the eye 
tracker was recalibrated. The first 7 or 8 blocks of each section 
had one of the two individualized diametric starting positions; 
the remaining 7 or 8 blocks of the section had the other posi-
tion. For instance, if in the first 7 blocks each trial started with 
a stimulus being presented in the bottom left quadrant, then in 
the next 8 blocks of this session, each trial would start with a 
stimulus being presented in the top right quadrant.

In a previous EEG study, small and unintentional gaze drifts 
were shown to influence the C1 amplitude and mask effects of 
attention (Wolf et al. 2022). To overcome this problem, we imple-
mented a gaze contingent presentation of the first stimulus (of 
each trial). Prior to each trial, the gaze position of the participant 
was tracked and needed to fall within a 2.61° by 2.61° VA square 
around fixation for at least 300 ms (included in the ISI) to initiate 
stimulus presentation. As long as these conditions were not met 
(i.e., proper fixation), the trial did not start. If this took longer 
than 10 s, recalibration was initiated. This same protocol was 
employed during the localizer before every presented stimulus 
instead of before every trial.

Because target trials occurred very infrequently, we also ran 
a behavioral experiment (in a different sample of participants) 
where this ratio was increased and we could assess the success of 
the prediction manipulation at the statistical level (see Data S1).

2.5   |   EEG (Pre)processing

All pre-processing steps were completed with the MNE-Python 
toolbox v1.3.1 (Gramfort 2013; Larson et al. 2023). The data were 
first re-referenced to the joint left and right mastoids. The next 
steps consisted of a zero-phase notch filter of 50 Hz to remove 
line noise, a high-pass filter of 0.1 Hz to remove slow-drift and 
then a low-pass filter of 85.5 Hz to avoid a reduction in temporal 
precision when down sampling later on. Raw time courses were 
plotted to visually inspect whether some channels were exces-
sively noisy. Longer spans of data where multiple channels were 
excessively noisy were also annotated so that these segments 
could be ignored during the independent component analysis 
(ICA) and excluded when epoching (see Table 1). Consistently 
noisy channels were selected and interpolated based on the data 

from neighboring electrodes (spline). After interpolation, the 
data were downsampled to 256 Hz. Artifact rejection was done 
using ICA (n components: 0.99 signal variance, method: “fas-
tica”) by visually inspecting component topographies for each 
participant. Components corresponding to blinks and compo-
nents attributing most variance to a single channel were man-
ually rejected. Lastly, for the standard analyses but not for the 
overlap corrected analyses (see below), epochs were created 
from −100 to 450 ms relative to stimulus onset and these were 
baseline corrected (−100 to 0 ms).

The online processing of the localizer data required a quicker 
and slightly simplified preprocessing pipeline, which included 
many of the same steps as the main dataset with the exception 
of the artifact rejection. Instead of using ICA, blinks were de-
tected with the electrooculogram and spans of data overlapping 
with this detected blink activity were removed. Additionally, 
only the Oz POz and Pz channels were visually inspected for ex-
cessive noise. After this, stimulus-locked ERPs were plotted for 
every quadrant. The quadrant showing the largest peak within a 
50–100 ms time window across the three aforementioned chan-
nels was then assigned as the participants' optimal quadrant. 
Afterward, the localizer data were processed in the same way 
as the main dataset.

TABLE 1    |    Means and standard deviations of the number of epochs 
retained after each processing step.

Epoch selection 
steps

Regular Odd

M SD M SD

Total recorded epochs

Peripheral 1218.8 124.7 406.3 42.1

Central 1260.0 0.0 420.0 0.0

After artifact rejection

Peripheral 1217.3 125.5 405.9 42.1

Central 1251.7 35.1 417.5 11.7

Without target trials

Peripheral 1180.2 122.8 392.8 39.8

Central 1212.0 32.7 405.5 13.1

Second stimulus only

Peripheral 295.3 30.6 98.3 10.0

Central 303.3 8.2 101.4 3.3

Condition matching

Peripheral 94.9 9.8 98.3 10.0

Central 97.8 3.0 101.4 3.3

Note: Epochs correspond here to trials, bearing in mind that a trial consisted of 
four successive visual stimuli. In the main analyses, only the second stimulus 
in every trial was selected. To achieve comparable signal-to-noise ratios at the 
ERP level between the odd and regular conditions, we selected regular trials that 
preceded odd trials (see Condition matching).
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6 of 17 Psychophysiology, 2026

2.6   |   Data Analysis

Statistical analyses were performed in R (R Core Team  2022) 
using linear mixed-effects regression (LMER) models from the 
lme4 package (Bates et al. 2015) and using the LmerTest pack-
age (Kuznetsova et al. 2017), which provides p-values based on 
Satterthwaite and Laplace approximations of the degrees of free-
dom. All categorical dependent variables in this study had two 
levels and were coded using contrast coding. For all statistical 
analyses, models were initially fit maximally, meaning that the 
random structure of the model included a random slope for every 
independent variable that was also included as a fixed effect as 
well as a random intercept per participant, in order to avoid the 
inflation of type-1 errors (Barr et  al.  2013). However, some of 
the maximal models had singular boundaries. This indicates 
that part of the variance in the random effect structure is close 
to zero. In order to balance type-1 error inflation with model 
power (Matuschek et al. 2017), we employed a model selection 
procedure where random effects were systematically removed 
(starting with the variables accounting for the least amount of 
variance) until a simplified model was found that no longer con-
tained a singular boundary. The maximal and the simplified 
model were then compared on the basis of standard model fit 
metrics (AIC, BIC and log likelihood) and if these metrics were 
inconclusive, then we used various other measures (e.g., lin-
earity, homogeneity of variance, collinearity and normality of 
residuals), provided by the performance package in R (Lüdecke 
et al. 2021). These latter measures were checked for all models to 
ensure that there were no clear violations of model assumptions. 
As mentioned above, we mostly focused on the second presen-
tation of the stimulus for each trial as this stimulus manifested 
either confirmation or violation of the prediction. To match the 
trial count between the regular and odd conditions, we subsa-
mpled epochs by only selecting regular trials that preceded odd 
trials (see Table 1).

2.6.1   |   Behavior

Although target trials were very infrequent, we did analyze and 
compare reaction times (RTs) for hits between the central and 
peripheral attention condition. These RTs were modeled with 
attention as a fixed effect and with a random intercept for each 
participant. There were not enough data points to compare ef-
fects of prediction on RTs. This analysis was however performed 
for the control behavioral experiment (see Data  S1). We also 
compared accuracy across conditions by calculating d prime 
(d′) values from the Signal Detection Theory (SDT; Hautus 
et  al.  2021; Simpson and Fitter  1973) for every condition per 
participant based on hit-rate and false alarm-rate. Hit-rate was 
calculated as the number of trials where participants correctly 
pressed the spacebar within 1000 ms of a target appearing di-
vided by the total number of target trials. False alarm rate was 
calculated as the number of trials where participants pressed the 
spacebar when there was no target, divided by the total number 
of nontarget trials. Because hit-rates for some participants were 
100%, we applied a loglinear correction to all individual values 
to adjust for extreme ones (Hautus 1995). We also calculated the 
beta parameter, based on the same loglinear corrected hit-rates 
and false alarm-rate, to assess whether the response bias might 
differ between conditions. Trials where the target occurred on 

the first stimulus of each trial were excluded as these did not 
differ between prediction conditions. These d′ and beta values 
were then modeled with attention and prediction as fixed effects 
and with a random intercept for each participant.

2.6.2   |   C1

In addition to the influence of experimental factors, top-down 
effects on the C1 component have also been found to be de-
pendent on the analysis approach, specifically in the way that 
inter-individual differences are addressed (Kelly et  al.  2008; 
Proverbio et al. 2007). In addition to this, early evoked poten-
tials are particularly vulnerable to distortion resulting from 
overlap between temporally adjacent ERPs, which has led 
some researchers to use sophisticated deconvolution methods 
to correct for overlapping neural activity in the past (Ehinger 
and Dimigen  2019; Rossi and Pourtois  2012, 2014; Smith and 
Kutas 2015; Woldorff 1993). However, among the C1 literature, 
approaches addressing this issue differ significantly from one 
study to the next, with some opting for shorter variable stimulus 
onset asynchronies (SOA) using deconvolution methods (e.g., Fu 
et al. 2010; Hillyard et al. 1998) while others opting for longer 
SOAs without overlap correction (e.g., Alilović et al. 2019; Kelly 
et al. 2008; Wolf et al. 2022). To be able to compare the effects of 
differing approaches to individual variability and to event over-
lap, we analyzed the C1 in four different ways. We started by 
comparing a standard ERP analysis with a more individualized 
analysis. Afterward, we performed these analyses using data 
that was corrected for overlap through linear deconvolution, 
using the Unfold toolbox (Ehinger and Alday 2025; Ehinger and 
Dimigen 2019).

First, in the standard analysis, the C1 amplitude was calculated 
based on the grand average peak of the occipital parietal elec-
trode (POz) from the localizer data. More specifically, the C1 
peak was identified as the maximum absolute amplitude value 
across four positions between 60 and 90 ms post stimulus onset 
in the localizer data. The C1 amplitude was scored as the mean 
amplitude within 20 ms around this peak (89 ms), for each sub-
ject per condition in the main dataset. Next, we performed an 
individualized analysis by selecting the optimal electrode for 
the C1 response per subject as well as selecting the amplitude 
window based on the individual C1 amplitude. This meant that 
the peak C1 amplitude was evaluated separately for each subject 
by taking the maximum amplitude between 60 and 90 ms post 
stimulus onset (also the absolute value across four localizer po-
sitions). This peak amplitude measure was selected from a set 
of occipital parietal electrode channels (O1, Oz, O2, PO3, POz, 
PO4, P1, Pz, P1, CP1, CPz, or CP2) instead of only POz, thereby 
selecting a peak latency (M = 0.085, SD = 0.006 ms) and an opti-
mal electrode for each subject separately. The C1 amplitude in 
the main dataset was then scored the same way as in the stan-
dard analysis (mean amplitude within 20 ms window around the 
individually localized peak).

In the current design, we examined neural responses to two di-
ametrically opposed spatial positions (i.e., top left/bottom right 
or top right/bottom left) which were always in opposite visual 
fields (i.e., UVF or LVF). Consequently, the resulting C1 re-
sponses had opposite polarities. We addressed this by including 
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7 of 17Psychophysiology, 2026

Visual field (upper vs. lower) as an independent variable in every 
analysis of C1 amplitude. Thus, for both the standard and the 
individualized analyses, LMER models were first maximally 
fit with C1 amplitude as the dependent variable, Attention (pe-
ripheral vs. central), prediction (regular vs. odd), Visual field 
(upper vs. lower), and all two-way and three-way interactions 
were fitted as fixed effects. Lastly, random slopes were included 
for all independent variables as well as a random intercept for 
each participant. Significant interactions between Attention 
or Prediction and Visual Field were followed up with separate 
models for UVF and LVF.

As mentioned above, temporally adjacent events can cause 
overlapping neural responses, leading to the contamination of 
early visual ERPs, including the C1, by ERPs from preceding 
events such as other stimuli or motor responses. This contam-
ination gets more pronounced when shorter SOAs are used (as 
used here in this experiment). Therefore, to control for this, we 
used the Unfold toolbox (Ehinger and Alday 2025; Ehinger and 
Dimigen 2019) in Julia (Bezanson et al. 2017), which provides 
regression event-related potentials (rERP) by fitting linear re-
gression models of neural responses to events on continuous 
EEG data. Because event onset times are variable, the rERPs 
of differing event types can then be linearly deconvoluted, re-
sulting in the removal of overlapping activity (Ehinger and 
Dimigen 2019). We used a finite impulse response (FIR) basis 
function, which allows for the modeling of any linear overlap 
shape, with a −100 ms to 1000 ms estimation window. This es-
timate depends on the assumed length of the underlying EEG 
activity; a window that is too short might introduce bias by not 
capturing the entire neural response, while a window that is too 
long could introduce artifacts due to overfit (see Skukies and 
Ehinger 2023). This regression resulted in rERPs (consisting of 
multiple timeseries of regression model coefficients across this 
−100 ms to 1000 ms time window) for every type of event (e.g., 
stimulus or motor response) for every condition. We repeated 
this step for every electrode and every subject and selected only 
the rERPs corresponding to the second stimulus of each trial. 
The data were then baseline corrected and analyzed in the 
same way as described above (i.e., standard and individualized 
analysis).

2.6.3   |   P1, N1, and P3

In addition to the C1 component, we also investigated whether 
attention and prediction could influence later visual ERPs, fo-
cusing on the P1, whose amplitude varies with selective attention 
(Alilović et al. 2019; Clark and Hillyard 1996; Luck et al. 2000; 
Wolf et  al.  2022), but also the N1 that reflects visual discrim-
ination and is also influenced by spatial attention (Hillyard 
et al. 1998; Mangun et al. 2001). In addition, we also scored and 
analyzed the P3, as previous studies have linked it to predictive 
coding (Knight et al. 1989; Marzecová et al. 2017; Polich 2007). 
All these components were computed on overlap corrected 
rERPs (see Data S1 for the analyses of uncorrected ERPs).

As opposed to the central, occipito-parietal C1 component, the 
P1 and N1 components showed a more lateralised topography. 
We therefore used two sets of lateral occipital and temporal 
electrodes (PO3/P07/01 and PO4/P08/02) for the P1 component 

and two more sets of parietal electrodes for the N1 (PO3/P3 and 
PO4/P4) and calculated peak latencies per subject. We looked 
at a positive peak between 100 and 150 ms for the P1 (M = 132, 
SD = 20 ms) and at a negative peak between 150 and 200 ms 
for the N1 (M = 178, SD = 20 ms) for every subject individually. 
Amplitudes were then computed by taking the average within 
a 30 ms window around the individual peaks. Both P1 and N1 
amplitudes were then modeled using an LMER function with 
attention and prediction as fixed effects (including interactions) 
and random slopes, and participant as a random intercept.

As mentioned above, various studies employing Posner-like 
attention manipulations (left vs. right) have found differences 
in attentional effects in electrodes that are contralateral to the 
presented stimulus as opposed to ipsilateral (Alilović et al. 2019; 
Di Russo et al. 2002; Hillyard et al. 1998; Mangun et al. 2001; 
Marzecová et al. 2017; Noesselt et al. 2002). We therefore con-
ducted an additional control analysis where we separated the 
two sets of lateral occipital and parietal electrodes for P1 (PO3/
P07/01 and PO4/P08/02) and N1 (PO3/P3 and PO4/P4) and 
calculated peak latencies separately depending on hemisphere 
(contralateral and ipsilateral) per subject (P1—contralateral: 
M = 122, SD = 20 ms, ipsilateral: M = 119, SD = 19 ms; N1—con-
tralateral: M = 182, SD = 20 ms, ipsilateral: M = 179, SD = 19 ms). 
Both P1 and N1 amplitudes were then modeled using a LMER 
function with attention, prediction and hemisphere as fixed 
effects (including interactions) and random slopes, and partic-
ipant as random intercept.

For the P3 component, we selected a subset from a cluster of 
centro-parietal electrodes (i.e., C1, Cz, C2, CP1, CPz, CP2, P1, 
Pz, P2, POz) based on the topography and scored it within the 
300 to 450 ms window following stimulus onset. The mean am-
plitude was calculated within this 100 ms window around the 
peak (M = 357, SD = 44 ms) and modeled in an LMER function 
with attention, prediction, and their interaction as fixed effects, 
a random slope for each independent variable, and participant 
as random intercept.

3   |   Results

3.1   |   Behavior

3.1.1   |   RTs

There were no significant differences (beta = 16.23, 95% 
CI = [−12.31, 44.78], df = 22, t = 1.114, p = 0.277). Nonetheless, 
the peripheral targets led to slightly slower RTs (M = 559.1, 
SD = 194.5) than central targets (M = 526.6, SD = 157.1).

3.1.2   |   SDT

Analysis of d’ revealed a significant main effect of predic-
tion (beta = −0.27, 95% CI = [−0.39, −0.16], df = 64, t = −4.65, 
p < 0.001), with a larger d’ value for targets occurring during 
trials with a regular direction (M = 3.82, SD = 0.65) than for tri-
als with an odd direction (M = 3.27, SD = 0.63), but no effects of 
attention or interactions (all p > 0.5). In the control behavioral 
experiment where target probability was increased, we also 
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8 of 17 Psychophysiology, 2026

observed the same effect (see Data  S1). The beta values indi-
cating response bias showed a similar pattern, with a signifi-
cant main effect of prediction (beta = −7.67, 95% CI = [−10,19., 
−5.15], df = 64, t = −5.99, p < 0.001), with a larger beta for regular 
(M = 33.21, SD = 18.36) than for odd trials (M = 17.97, SD = 5.25), 
and no significant attention or interaction effects (all p > 0.3).

An exploratory follow-up analysis comparing attention con-
ditions separately found this effect on d’ to be robust, as a 
significant difference remained visible in both peripheral 
(beta = −0.27, 95% CI = [−0.39, −0.15], df = 22, t = −4.353, 
p < 0.001) and central conditions (beta = −0.27, 95% CI = [−0.44, 
−0.09], df = 22, t = −3.09, p < 0.01) and similarly for beta in the 
peripheral (beta = −7.41, 95% CI = [−10,19., −5.15], df = 22, 
t = −3.62, p < 0.01) and central conditions (beta = −7.86, 95% 
CI = [−11,71., −4.02], df = 22, t = −4.00, p < 0.001). Lastly we 
compared the rate of misses (i.e., the amount of non-reactions or 
reactions that were larger than 1000 ms in relation to all target 
trials) between attention conditions, which showed no signifi-
cant differences (p > 0.28). Nonetheless, the peripheral attention 
condition showed fewer misses (M = 12.0%, SD = 12.2%) than 
the central attention one (M = 15.9%, SD = 18.8%).

3.2   |   Localizer

The localizer data showed a clearcut polarity reversal for stimu-
lation of the UVF compared to the LVF (see Figure 2A,B). The 
maximal absolute value found within a 60–90 ms time window of 

the grand average of the POz electrode, used for C1 scoring in the 
standard analyses (uncorrected and corrected), had an amplitude 
of 3.71 μV and a latency of 89 ms. For the individualized analyses, 
we looked at the maximal amplitudes on occipital parietal elec-
trodes per subject. The majority of participants showed a maxi-
mal C1 at the POz electrode (n = 12) and for a little less than half 
of the sample, a different electrode was found (see Figure 2D). 
As can be expected, mean peak amplitude (absolute value) across 
these electrodes was higher with (M = 4.34, SD = 1.61 μV) and the 
mean latency was earlier (M = 85.1, SD = 6.6 ms) than across only 
POz. Figure 2C also shows the distribution of optimal quadrants 
(i.e., the quadrant with peak amplitude in Pz, POz or Oz within 
50–90 ms window) across participants that was used to adjust 
stimulus presentation in the main experiment.

3.3   |   C1

3.3.1   |   Uncorrected Data

We first modeled C1 amplitudes that were scored based on 
the standard approach (see Figure  3A1). The initial maxi-
mally fit model (AIC = 873.61, BIC = 934.28) was singular 
but explained the data significantly better than the simplified 
model (AIC = 927.38, BIC = 956.12; chi-squared = 73.77, df = 10, 
p < 0.001). It revealed a significant effect of visual field 
(beta = 2.898, 95% CI = [2.035, 3.762], df = 22.1, t-value = 6.58, 
p < 0.001). More importantly, this model showed a significant in-
teraction between visual field and attention (beta = −0.300, 95% 

FIGURE 2    |    Localizer results. (A) The grand average ERP waveforms at the POz electrode are shown, separately for each position. The gray area 
shows the range (60–90 ms) wherein peak amplitudes were selected. The dotted line shows the peak latency (89 ms) of the C1 that was used to de-
termine the mean amplitude measurement (standard analysis). Error bands represent the standard error of the mean. (B) The average topographies 
for each position at the mean peak latency and the corresponding horizontal voltage maps are shown. (C) Bar plot represents distribution of optimal 
quadrants among participants. (D) Bar plot shows the distribution of optimal electrodes among participants with the corresponding topographical 
representation.
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CI = [−0.591, −0.008], df = 128.5, t-value = −2.017, p = 0.046). We 
therefore performed a follow-up analysis where two separate 
models were fit for the UFV and LVF. For the UVF model, the 
boundary was again singular and subsequent model compari-
son found no significant difference between model fits. Neither 
model showed a significant effect of attention (p > 0.1 in both 
cases). The same was true for the LVF, which showed no differ-
ence between the maximal and simplified model, and neither 
showed any significant effects of attention or prediction (p > 0.1).

For the individualized C1 amplitudes (see Figure 3B1), the max-
imal model (AIC = 853.7, BIC = 914.4) was singular but fit the 
data significantly better than a simplified model (AIC = 919.9, 
BIC = 948.6; Chi squared = 86.13, df = 10, p < 0.001). This model 
also revealed a significant effect of visual field (beta = 2.913, 
95% CI = [2.048, 3.778], df = 22.1, t-value = 6.60, p < 0.001) 
and a significant interaction between attention and visual 
field (beta = −0.361, 95% CI = [−0.632, −0.090], df = 128.4, t-
value = −2.61, p = 0.010). Notably, the follow-up maximal model 

FIGURE 3    |    Effects of attention and prediction on C1. (A, B) The grand average ERPs are shown, separately for each condition and visual field. 
(A) For the standard analysis, amplitudes were averaged over the POz electrode and C1 amplitude was scored as the mean amplitude within 79–
99 ms (highlighted in gray), which was based on the grand average peak of the localizer. (B) For the individualized analysis, optimal electrodes and 
time windows (window range highlighted in gray) were selected separately for every participant. (A1, B1) Overlap-uncorrected ERP data. (A2, B2) 
Overlap-corrected ERP data. (C) The mean C1 amplitude for the individualized analysis for both corrected and uncorrected data is shown with bar 
plots and the participant means are shown with scatterplots. (D) The topographies of UVF and LVF stimuli at the peak latency are shown. Error 
bands and error bars indicate standard error of the mean.
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of the UVF was not singular and showed a significant effect 
of attention (beta = 0.378, 95% CI = [0.030, 0.725], df = 34.1, t-
value = 2.13, p = 0.040). More specifically, this model showed 
a smaller C1 magnitude for peripheral attention (M = −2.590, 
SD = 3.154) than central attention (M = −3.321, SD = 3.466). 
For the LVF, we found a similar nonsignificant effect of at-
tention (beta = −0.347, 95% CI = [−0.736, 0.042], df = 54.5; t-
value = −1.74; p = 0.086), namely a smaller C1 magnitude for 
peripheral attention (M = 2.478, SD = 2.953) than central atten-
tion (M = 3.227, SD = 2.627).

3.3.2   |   Overlap Corrected Data

When fitting the standard corrected data (see Figure  3A2), 
the maximal model (AIC = 734.0, BIC = 793.3) was singular 
but fit the data significantly better than a simplified model 
(AIC = 836.6, BIC = 864.7; Chi squared = 122.9, df = 10, p < 0.001) 
and found only an effect of visual field (p < 0.001) but no signif-
icant effects of attention, prediction, or interactions (all p > 0.2). 
As for the individualized corrected data (see Figure 3B2), again 
the initial model fit (AIC = 735.8, BIC = 795.2) was singular but 
fit the data better than the model (AIC = 844.9, BIC = 873.0; Chi 
squared = 129.1, df = 10, p < 0.001) but also showed no signifi-
cant effects (all p > 0.5), except for visual field (p < 0.001).

3.4   |   P1, N1, and P3

For the main analysis of P1 and N1 components, both maximal 
LMER models showed boundary issues and in both cases there 
were no clear differences in model fit between maximal and 
simple models. Visual inspection showed similar parameters for 
model assumptions. In both cases, we therefore selected the sim-
plified models. The P1 model showed a significant main effect 
of attention (beta = 0.165, 95% CI = [0.0112, 0.3182], df = 62.3, 
t = 2.10, p = 0.039), revealing a larger P1 amplitude for peripheral 
(M = 0.727 μV, SD = 1.610 μV) than central attention (M = 0.292, 
SD = 1.545) (see Figure  4). There were no other significant ef-
fects (all p > 0.12). For the N1, the model showed no significant 
effects (all p > 0.25).

For the analysis controlling for the hemisphere of P1 and N1 com-
ponents, both models fit the data without boundary issues. The 
P1 model showed a main effect of attention (beta = 0.147, 95% 
CI = [0.0155, 0.2789], df = 22.5, t = 2.19, p = 0.039), revealing a 
larger P1 amplitude for peripheral (M = 0.681 μV, SD = 1.685 μV) 
than central attention (M = 0.368, SD = 1.483) (see Figure  4). 
There were no other significant effects (all p > 0.12). For the N1, 
the model showed no significant effects (all p > 0.45), except for 
a significant main effect of hemisphere (beta = 0.182, df = 19.5, 
t = 2.13, p = 0.046).

For the P3 (see Figure 5), the maximal model was singular and 
the subsequent model comparison showed no significant dif-
ference between the maximal (AIC = 796.4, BIC = 831.3) and 
simplified model fit (AIC = 791.9, BIC = 817.3). Based on homo-
geneity of variance and linearity measures, the simplified model 
was found to better fit the data. This model contained the same 
fixed effects but only contained a random effects structure with 

a random slope for attention and a random intercept per sub-
ject. The analysis revealed a significant main effect of Prediction 
(beta = 0.2978, 95% CI = [0.0102, 0.5853], df = 130.0, t = 2.030, 
p = 0.044) with a smaller amplitude for regular trials (M = 1.69 μV, 
SD = 1.86 μV) than odd trials (M = 2.26 μV, SD = 2.88 μV; see 
Figure 5B). An exploratory follow-up analysis modeling atten-
tion conditions separately showed that this effect was mostly 
present in the peripheral attention condition (beta = 0.5233, 95% 
CI = [0.1248, 0.9217], df = 62.0, t = 2.574, p = 0.0125) but not in 
the central attention condition (p > 0.7).

4   |   Discussion

The present ERP study aimed to investigate the influence of at-
tention and prediction on the C1 component, thereby assessing 
if top-down mechanisms might influence feedforward sensory 
processing in V1 rapidly following stimulus onset. To this end, 
we devised a new paradigm where several methodological im-
provements were made compared to previous C1 studies. First 
and foremost, besides attention, we also manipulated prediction 
orthogonally (i.e., harnessing the principles of apparent motion, 
a specific location could be predicted by the participant re-
garding stimulus presentation), with the aim to assess whether 
complex interaction effects between these two processes could 
drive the C1 modulations, in keeping with previous fMRI stud-
ies that already documented such complex interaction effects 
(Alink et al. 2010; Kok, Jehee and de Lange 2012; Kok, Rahnev, 
et  al.  2012; Richter and De Lange  2019). Moreover, using an 
independent localizer, we adjusted the stimulus presentation 
during the main experiment depending on the subject-specific 
expression of the C1 (likely reflecting V1 anatomy) to yield PEs 
at the location in the visual field where this retinotopic compo-
nent was maximally expressed. We also used a gaze-contingent 
procedure, ensuring that the ERP data recorded were not con-
taminated by saccades toward the peripheral visual stimulus. 
Last but not least, using deconvolution, we also modeled and 
corrected overlapping ERP effects (from the preceding stimu-
lus). A number of important new results emerge from this study.

With regard to the C1, our results highlight the dependence on 
particular analytical approaches (or choices) for the observa-
tion of attentional C1 effects. The analysis of the uncorrected 
data, for instance, highlights the difference between a standard 
and an individualized approach to the scoring and selection of 
C1 amplitude, as several previous studies have already estab-
lished (Herde et al. 2022; Kelly et al. 2008; Proverbio et al. 2007; 
Wolf et al. 2022). More peculiarly, the application of linear de-
convolution removed the modulation of the C1 by attention. 
This result is compatible with earlier ERP studies employing 
ADJAR as linear deconvolution (Woldorff  1993), who failed 
to reveal systematic effects of attention on the C1 (Clark and 
Hillyard 1996; Hillyard et al. 1998; Hopfinger and West 2006; 
Noesselt et al. 2002). Because ADJAR has strong limitations in 
its applicability, such as convergence issues leading to the loss 
of trials and a high computational cost (Kristensen et al. 2017; 
Talsma and Woldorff  2004), later studies that did find atten-
tional C1 effects often opted for longer SOAs and did not per-
form any overlap correction (Herde et al. 2022; Kelly et al. 2008; 
Mohr et al. 2020; Wolf et al. 2022).
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FIGURE 4    |    Effects of attention and Prediction on P1 and N1 Components. (A) Grand average (and overlap-corrected) ERPs at lateral posterior 
electrodes (PO4, PO8, O2, PO3, PO7, and O1 combined), on which the P1 amplitude was scored. N1 amplitudes were scored on slightly more anteri-
or electrodes (P04, P4, PO3 and P3). Nonetheless, peak selection ranges for both P1 and N1 components are shown, highlighted in gray and yellow, 
respectively. (B) The topography at the peak latency is shown for P1 (132 ms) and N1 (178 ms), with the selected electrodes highlighted in yellow. (C) 
A significant effect of attention was found for the P1 component. (D) No effect was found on the N1 component. Error bands and error bars indicate 
the standard error of the mean.

FIGURE 5    |    Effects of attention and prediction on the P3 Component. (A) Grand average (and overlap-corrected) ERP waveforms for electrodes 
(Pz, POz, PO3 and PO4 combined) used to score P3. The P3 peak was selected within a 300–450 ms window following stimulus onset, highlighted in 
yellow. (B) A significant main effect of prediction was found for the P3. (C) The topography map shows the distribution at 350 ms after the stimulus. 
Error bands and error bars indicate the standard error of the mean.
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One of the assumptions underlying linear deconvolution meth-
ods is that any given event induces an identical and temporar-
ily fixed pattern of neural activity (Ehinger and Dimigen 2019; 
Smith and Kutas  2015). However, this means that temporally 
less defined pre-stimulus activity contributing to the original 
ERP is modeled away in the corrected signal, for instance by at-
tributing it either to model residuals or to other modeled evoked 
activity from which the corrected signal is separated. The ab-
sence of attentional effects on the C1 in the overlap corrected 
data as opposed to the uncorrected ones in our experiment as 
well as in the existing literature, therefore, suggests that they 
might be driven by lingering or residual activities coming from 
the preceding stimulus (especially when a short SOA is used, 
as in our experiment) and/or by any other unaccounted pre-
stimulus neural activity. The former is the most substantial 
reason for the use of these deconvolution methods in previous 
research (Clark and Hillyard 1996; Woldorff 1993). To formally 
assess this possibility, we also ran several control analyses in-
forming (1) about what was the impact of the linear deconvolu-
tion correction (using Unfold) on our ERP data and (2) whether 
a residual activity from the preceding stimulus (and more specif-
ically a P3 like activity) might indeed influence the C1 compo-
nent (as well as later ERP components) for the current one or not 
(see Data S1 for details). However, in our case, because the atten-
tion manipulation was implemented at the block level instead 
of cueing at the single trial level, attention could be manifested 
as a sustained or preparatory process, which has been found 
to be reflected in activity such as the vN component (Di Russo 
et al. 2021) and pre-stimulus alpha (Bacigalupo and Luck 2019; 
Behzadnia et al. 2017; Doesburg et al. 2016; Worden et al. 2000) 
which in turn has also been found to contribute to early visually 
evoked components (Dou et al. 2022; Iemi et al. 2019; Samaha 
et al. 2015; Sauseng et al. 2007; Trajkovic et al. 2024). It is there-
fore possible that such activity could still be present in tradi-
tional ERPs but not in linearly deconvoluted rERPs.

It could be possible that a C1 effect is dependent on the inter-
action between ongoing post-perceptual pre-stimulus activity 
and the activity resulting from the presentation of a subsequent 
stimulus and that linear deconvolution could therefore remove 
or attenuate this effect. However, we argue that this is unlikely 
because the moment at which this potential collision occurs 
would be time-locked to the new stimulus as opposed to the pre-
ceding one. The resulting variance from this interaction would 
therefore be attributed by the model to the early time-course of 
the new stimulus as opposed to the end of the preceding one. We 
therefore believe that a true C1 effect, that results from an inter-
action between ongoing top-down attention and new stimulus 
information, would still be captured.

Although the stimuli were not optimized to elicit a strong P1 
response, we found that this component, however, changed 
with our attention manipulation (i.e., it was larger for attended/
peripheral than unattended/central stimuli), in agreement 
with many previous ERP studies available in the literature 
(e.g., Alilović et  al.  2019; Clark and Hillyard  1996; Martıńez 
et al. 2001; Marzecová et al. 2017; Wolf et al. 2022). However, be-
cause we did not report in parallel behavioral results confirming 
this assumption directly (given that we used an oddball design 
and collected few behavioral responses only to leave early vi-
sual ERPs unaffected by motor effects), this neurophysiological 

evidence (P1 effect) is and remains indirect, and this is a limita-
tion of our study.

Moreover, the specifics of our attention manipulation, requiring 
the focus of attention to either be in the center of the screen or 
be distributed across the four locations in the periphery, did dif-
fer significantly from these previous studies. We employed this 
manipulation specifically to avoid the confounding of lateraliza-
tion, and a control analysis did confirm that this P1 attention 
effect was not lateralized (i.e., the main effect of hemisphere 
or interaction between this factor and attention was not sig-
nificant). However, the effect of this manipulation on P1 may 
therefore not only represent shifts in spatial attention but also 
the distance between the focus of attention and the stimulus, 
as this has been shown to influence P1 before (Mangun and 
Hillyard 1988).

Accordingly, it remains to be shown in future studies whether a 
more direct manipulation of spatial attention that engages more 
comparable regions of visual space, preferably corroborated by 
behavioral results as well, could influence the C1 component 
with the elected experimental design and these rotating stimuli. 
Because previous studies have reported a clear modulation of 
the C1 when more engaging tasks at the attentional level were 
used than in the present case (Fu et al. 2010; Kelly et al. 2008; 
Mohr et al. 2020; Slotnick 2018), we could reason that the ab-
sence of C1 modulation by attention in our study could partly 
be imputed to a weak manipulation of it, which involved only a 
partial or inconsistent engagement of top-down attentional con-
trol mechanisms. Accordingly, future ERP research is needed 
to assess whether the C1 could very well change in the current 
paradigm or not, when a more direct or straightforward manip-
ulation of spatial attention is employed.

Furthermore, there were no effects on the N1 component (ex-
cept for a main effect of hemisphere in the control analysis). This 
could be due to the very few target trials and relatively low task 
load. Indeed, previous studies have often employed more de-
manding target discrimination tasks to find attentional effects 
on the N1 component (Luck et  al.  2000; Mangun et  al.  2001; 
Marzecová et al. 2017). Lastly, both P1 and N1 components ob-
served in this study were smaller than the typically observed re-
sponse (e.g., Clark and Hillyard 1996; Luck et al. 2000; Martıńez 
et al. 1999; Noesselt et al. 2002). This is likely due to the stim-
uli being optimized for C1 specific properties. Whereas the C1 
gets larger when a stimulus has a high spatial frequency and 
is situated further in the periphery, the inverse is true for P1 
and N1 (Clark et al. 1994; Ellemberg et al. 2001; Mangun and 
Hillyard 1988).

In our experiment, prediction did not influence these three early 
visual ERP components (C1, P1, and N1), but it did affect the P3 
nonetheless, which is often considered to be indicative of post-
perceptual and higher-order, amodal processing (Friedman 
et al. 2001; Polich 2007). Given its posterior parietal scalp dis-
tribution (see Figure 5), this P3 likely reflects “updating” upon 
change detection (Kamp 2020; Polich 2007). In agreement with 
this interpretation, previous ERP studies on predictive coding 
have reported correlations between the P3 amplitude and a 
computational “surprise” signal that is generated according to 
Bayesian inference of stimulus probability (Mars et  al.  2008; 
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Meyniel et al. 2016). The P3 has been shown to be responsive 
to the frequency of a stimulus when participants are presented 
with a sequence of stimuli (Kamp 2020; Polich 2007; Polich and 
Bondurant 1997; Squires et al. 1976; Steiner et al. 2013). An in-
frequent stimulus, in this case, elicits a larger parietal positivity 
than a stimulus that has been encountered more often in the 
sequence, which is precisely the effect that we have observed 
here. The behavioral results of this experiment, as well as the 
control behavioral experiment (see Data  S1), also corroborate 
this assumption, showing a higher sensitivity (d′) for regular 
than odd events. The exploratory follow-up analysis looking at 
peripheral and central attention conditions separately, however, 
indicates that this effect could be driven by a difference only in 
the peripheral and not in the central attention condition. This 
could be due to the prediction manipulation not being directly 
task-relevant in this central attention condition, as this condi-
tion required effectively no assessment of the peripheral stim-
uli. In comparison, P3 effects related to stimulus probability 
often require some kind of response to the infrequent stimulus 
(Gonsalvez and Polich  2002; Kamp  2020; Polich 2020; Steiner 
et  al.  2013), though not always (Jeon and Polich  2001). This 
may also have been suboptimal for the detection of prediction 
effects on earlier evoked components, and indeed many previ-
ous studies have used relevant and more demanding tasks when 
looking at top-down influence on (Slotnick 2018). Nonetheless, 
this does not necessarily mean that predictable regularities are 
only processed when participants are actively attending them, 
as our behavioral results show that the difference in sensitivity 
(d′) between odd and regular trials remains present even when 
looking at attention conditions separately, which is in line with 
recent studies that have found participants to be sensitive to un-
expected visual features without the direct allocation of atten-
tion (Center et al. 2024; Nartker et al. 2025).

Lastly, prediction was manipulated by changes in the rotational 
presentation pattern, which presumably induces apparent mo-
tion. Although previous fMRI research has shown that this type 
of prediction manipulation affects V1 activity (Alink et al. 2010; 
Edwards et al. 2017), motion itself is known to be mostly pro-
cessed in higher levels of the visual cortical hierarchy, namely 
in area MT/V5+ (Bartels et  al.  2008; Tootell et  al.  1995; Zeki 
et  al.  1991). Accordingly, the prediction of both real and ap-
parent motion has been found to rely heavily on connections 
between V1 and MT/V5+ regions (Alink et al. 2010; Edwards 
et al. 2017; Vetter et al. 2015), though these seem to primarily 
consist of feedback projections from MT/V5+ to V1 (Muckli and 
Petro 2013; Sterzer et al. 2006; Vetter et al. 2015), which would 
not result in P1 or C1 effects. Even though the present rotational 
manipulation does indirectly infer a specific spatial position for 
the stimulus, which is a lower level property to which V1 is sen-
sitive, and even though motion has been found to preactivate 
neural representations of anticipated spatial positions (Alilović 
et  al.  2019; Blom et  al.  2021; Hogendoorn and Burkitt  2018), 
the size of the receptive fields in the early visual system may be 
too small to initiate an early motion processing signal (Muckli 
et al. 2005; Smith et al. 2001), causing the evaluation of devia-
tions of this motion to occur at a later stage. Instead of relying 
on motion, it could therefore be interesting for future research to 
employ prediction manipulations that address V1 specific prop-
erties directly, such as orientation or contrast, thereby activating 
local V1 pathways.

In conclusion, this study investigated top-down influences on 
early V1 activity by comparing spatial attention and prediction 
effects on the C1 component, as well as later visual ERPs. Our 
results reveal that attentional effects on the C1 component, but 
not the P1 component, are removed through the use of linear de-
convolution, indicating that overlap from late ERP components 
and/or unaccounted pre-stimulus activity may be contributing 
factors to the observation of such effects. Furthermore, we found 
no evidence that apparent motion mechanisms can induce vis-
ible prediction effects on early visual ERPs, while it did influ-
ence the P3 component in our study. Prediction through motion 
processing may therefore primarily affect visual processing 
at a later stage following stimulus onset, possibly through de-
layed feedback projections from higher cortical areas. Overall, 
these findings highlight the importance of different analyti-
cal approaches to the observation of attentional effects on the 
C1, especially the use of linear deconvolution to counter short 
SOAs. Additionally, future studies should explore the use of pre-
diction manipulations that directly target V1-specific properties 
to better understand the interplay of feedforward with feedback 
mechanisms in early vision.
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