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ABSTRACT

Periodic changes in visual input elicit rhythmic patterns in EEG signals that manifest as
narrowband frequency components. These components are typically interpreted as sig-
natures of neural populations sensitive to the modulated stimulus feature. We propose an
alternative scenario in which such frequency components arise primarily from retinotopic
variations in signal strength, without requiring feature-selective neural mechanisms.
Using both simulated and empirical data (Experiment 1: N = 13; Experiment 2: N = 13), we
demonstrate that signal fluctuations driven solely by the retinotopic position of a position-
modulated stimulus can generate identifiable frequency components. These components
are more plausibly attributed to structural properties of cortical organization that shape
the relative contribution of different retinotopic areas to the EEG signal. Our findings
challenge the conventional assumption that stimulus-related frequency components
necessarily reflect feature-specific neural computations, indicating instead that functional
interpretations are not guaranteed when spatiotemporal regularities in the stimulus
introduce systematic population-level variability.
© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC
BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

resulting in periodic fluctuations in EEG amplitude. By present-
ing the stimulus for a sufficient duration (e.g., longer than 1 sec;
Norcia et al., 2015) and applying frequency-domain analyses,

Rhythmic changes in visual stimuli can induce corresponding
rhythmic patterns in brain activity, which appear in EEG re-
cordings as narrowband frequency components. When a visual
or semantic stimulus property (e.g., contrast, object identity) is
modulated at a specific frequency, neurons sensitive to that
property tend to oscillate at the same or related frequencies,

these periodic fluctuations can be identified as precise,
narrowband frequency components. This phenomenon, known
as the steady-state visually evoked potential (SSVEP; Regan,
1977), allows researchers to extract stimulus-related brain ac-
tivity with a high signal-to-noise ratio (SNR). As a result, SSVEPs
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have become a powerful tool for probing visual processing at
multiple levels (Allen et al., 1996; Alp et al., 2016, 2018; Alp &
Ozkan, 2022; Gundlach & Miiller, 2013; Rossion et al., 2015),
characterizing visual and neurological impairments (Sartucci
et al., 2010; Silberstein et al., 2000), and developing brain-
computer interface technologies (see Liu et al., 2022 for areview).

The distinctive inferential power of SSVEPs is rooted in the
presumption that the precise frequency components evident
in the data can be attributed to modulations in neuronal ac-
tivity, typically interpreted as reflecting the brain's sensitivity
to the periodically modulated stimulus feature, effectively
tracking the activity of specific functionally specialized neural
populations (Norcia et al., 2015). In theory, any other factor
capable of inducing fluctuations in EEG amplitude could also
give rise to such frequency components. However, for these
fluctuations to be practically relevant, they must withstand
the standard practices in experimental design and data pro-
cessing that are typically used to filter out extraneous signals.

Of particular significance of these practices are extended
trial durations and the averaging of data across multiple trials,
which serve to accentuate visually evoked potentials by
removing transient fluctuations that are not time-locked
across trials (Trimble, 1968). Consequently, induced fluctua-
tions must exhibit consistency within trials over time and
synchronized phase across multiple trials to produce identi-
fiable frequency components. Furthermore, given that SSVEP
studies often focus exclusively on frequency components
related to the modulation frequency of a periodically modu-
lated stimulus property (Norcia et al., 2015), these fluctuations
must also display periodic components that correspond to the
stimulus modulation frequency and its harmonics.

Admittedly, it is challenging to envision any other factors
capable of generating highly consistent signal fluctuations
that are also sensitive to modulations in visual stimuli. This
challenge has contributed to a prevailing interpretive stance
that, since it is very unlikely to observe such narrow frequency
components that are perfectly aligned with the periodicities of
stimulus modulations, stimulus-related frequency compo-
nents must reflect periodic engagement or modulation of
functionally specialized neural populations (e.g., frequency-
tagged face or object responses; Quek & Peelen, 2020; Retter
& Rossion, 2016). Given the extensive array of low (e.g,
contrast, motion direction) and high-level (e.g., face identity,
object category) stimulus properties that can produce fre-
quency components when modulated, this interpretive
framework has become a conventional basis for linking
narrowband responses to computations performed on the
modulated feature, and alternative sources for these fre-
quency components have received little consideration, as no
compelling account has emerged in which any other factor
could reliably introduce signal fluctuations that remain
aligned with specific stimulus modulations.

Nonetheless, the magnitude of neuronal activity is not the
only factor that determines the strength of measured EEG
signals. Various other factors, such as the cortical volume
(Schaul, 1998) and depth of the activated regions (Butler et al.,
2019), dipole orientation of local currents relative to the elec-
trode array (Capilla et al., 2016), the signal cancellation be-
tween simultaneously active brain areas (Ahlfors et al., 2010),
and the thickness of the cerebrospinal fluid layer covering

regions of interest (Rice et al., 2013), can impact the translation
of cell activity into EEG signals. Under certain circumstances,
such structural factors, as opposed to functional, can poten-
tially interact with stimuli to introduce superficial influences
into the data by modulating EEG amplitudes across conditions
and/or time.

Particularly, position-dependent factors that introduce
variances in the properties of different retinotopic pop-
ulations can have a potentially large impact on recorded EEG
signals by interacting with stimulus position. The visual field
is not uniformly mapped onto the visual cortex (Allman &
Kaas, 1971; Daniel & Whitteridge, 1961; Talbot & Marshall,
1941; Wandell et al., 2007). Significant differences exist in
cortical volume and depth across retinotopic areas, depending
on eccentricity and polar angle (Daniel & Whitteridge,
1961; Horton & Hoyt, 1991; Schwartz, 1980). When a stimulus
is located in the periphery, a given portion of the visual field
engages smaller and deeper neural populations (Daniel &
Whitteridge, 1961; Horton & Hoyt, 1991; Schwartz, 1980).
Similarly, population receptive field sizes are much smaller in
foveal areas compared to peripheral ones, meaning that a
central stimulus would engage a greater volume of neural
tissue (Dumoulin & Wandell, 2008). As a result, the same
stimulus can evoke larger or smaller EEG responses depending
on the size and depth of the activated brain areas based on its
position in the visual field (Slotnick et al., 2001).

For SSVEP studies in general, the modulation of EEG signals
by such position-dependent factors does not directly warrant
identifiable frequency components in the signal. In order to
yield frequency components, these position-dependent fac-
tors would somehow have to induce consistent and phase-
locked signal fluctuations across many repetitions of a con-
dition. When stimuli are static, or when they do not follow a
consistent pattern of motion across trials, it is highly unlikely
for position-dependent factors to induce signal fluctuations
that survive trial-averaging. However, if the position of a
stimulus is periodically modulated in a consistent manner
across trials, as is often the case in SSVEP studies involving
moving stimuli (e.g., Aissani et al., 2011; Nozaradan et al,,
2012; Pitchaimuthu et al.,, 2021; Varlet et al., 2023), these
position-dependent imbalances may introduce consistent
time-locked fluctuations in the signal, potentially giving rise
to narrowband frequency components even after averaging
signals across trials (Fig. 1).

In this context, we present a scenario in which stimulus-
related frequency components emerge exclusively due to ret-
inotopic variations in signal strength, rather than necessarily
indicating periodic engagement or response modulation of
functionally specialized, feature-selective neural populations.
First, we use simulations to demonstrate that any sort of
position-dependent variance in measured EEG responses can
potentially introduce periodic signal fluctuations by interact-
ing with position-modulated stimuli even when the responses of
local receptive units are driven equally. If these fluctuations are
discernible in actual EEG signals, they should manifest even in
the absence of modulations in other stimulus properties, and
must be strictly phase-coupled to modulations in stimulus
position. In two subsequent EEG experiments, we demonstrate
that periodically modulating the polar angle and eccentricity of
a singleton stimulus induces frequency components when all
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Fig. 1 — Frequency components arising from periodic position-dependent fluctuations. This figure illustrates a hypothetical
situation based on eccentricity-related variations in cortical magnification (Daniel & Whitteridge, 1961; Horton & Hoyt, 1991;
Schwartz, 1980). In the idealized scenario depicted by the gray line, we assume that equal-sized and equally dense cortical
regions are allocated to different parts of the visual field and that, in addition, the effective gain from cortex to the EEG
sensor (including electrode sensitivity and volume conduction) is uniform across positions. Under these assumptions, a
singleton moving stimulus that drives a constant local neural response would generate a uniform, position-invariant signal
at the sensor, resulting in a flat EEG time course (gray line). By contrast, if different regions of the visual field are represented
disproportionately in the visual cortex, the same stimulus can lead to stronger or weaker measured signals depending on
its position and the size of the corresponding cortical regions (blue line). When the stimulus position is periodically
modulated, such position-dependent gain differences can introduce periodic fluctuations in the EEG signal, giving rise to
identifiable frequency components even when individual neurons across positions are driven equally by the stimulus. For
conceptual clarity, other realistic sources of position-dependent signal variation, such as spatial gradients in electrode

sensitivity and non-uniform volume conduction, are not depicted here but would operate in an analogous manner.

other stimulus properties remain constant over time. Criti-
cally, these frequency components are eliminated through
phase-cancelation when the phases of the position modula-
tions are varied across trials.

If these frequency components were generated solely by
functionally specialized neural mechanisms engaged by the
stimulus (e.g., those sensitive to repeating movements), in-
dependent of its absolute position, they would have persisted
even in the phase-varied conditions. Phase-cancelation in the
phase-varied conditions suggests that these frequency com-
ponents are phase-coupled to the position modulation of the
stimulus, and therefore must strictly be related to fluctuations
produced by position-dependent factors. Taken together,
these results indicate that inherent retinotopic differences in
measured EEG amplitude can autonomously introduce
consistent, time-locked signal fluctuations in response to
position-modulated stimuli, offering a counterexample to the
conventional interpretive practice of attributing stimulus-
locked frequency components primarily to functionally
specialized neural mechanisms.

2. Simulation

It is conceivable to view the EEG signal as a comprehensive
non-linear transformation on visual input. This trans-
formation is the culmination of numerous layers of diverse
non-linear processes introduced by the intricate machinery of
neural processing, in addition to the physical factors that

govern the translation of neuronal activity into EEG signals.
For our purposes, we draw a clear distinction between two
pivotal concepts: unit response and population-level
response. Following this distinction, we will argue that while
in a simplified unit-based framework, stimulus-related fre-
quency components can arise from the responses of units that
are sensitive to the modulated stimulus property, these
components can also emerge at the level of population
response independently of feature-sensitive unit activity. Our
goal is not to claim that SSVEPs solely reflect the activity of
narrowly feature-tuned neurons, but to contrast this standard
feature-sensitivity description with an account in which
structural factors at the population level are sufficient to
generate stimulus-related frequency components. In our
proposed population-level account, this emergence hinges on
variances in the population response contingent upon the
retinotopic stimulus position and the presence of a position-
modulated stimulus.

We start by conceptualizing the unit response as an ab-
stract representation of neuronal responses triggered by vi-
sual stimuli. In this context, the unit response characterizes a
transformation of visual input, which we define as an arbi-
trary nonlinear function, denoted as y = f(xs(t), «(t)). Here, y
signifies the response amplitude of a unit responding to a
stimulus whose position is xs and intensity « at time t. Our
focus is not on modeling specific types of neurons, but rather
on defining units that adjust their responses based on varying
intensities of the stimulus properties to which they are tuned.
Therefore, « (i.e., stimulus intensity) can be associated with
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any stimulus property to which these hypothetical units are
sensitive, and the function f can encompass various forms of
neural computations.

Within this unit-based formalization, a common way to
explain the frequency components observed in EEG signals
in response to a periodically modulated stimulus is to as-
sume that these frequency components arise from the
nonlinear relationship between « and y. As long as f in-
cludes a non-zero coefficient for «, indicating sensitivity to
changes in stimulus intensity, periodic modulation of « will
invariably result in a periodic modulation of y. Conse-
quently, if the stimulus intensity undergoes sinusoidal
modulation, for example, it will induce a non-sinusoidal
modulation of the unit response that repeats at the same
time intervals as the stimulus modulation. As a result, the
EEG signal will contain frequency components that are
harmonics (integer multiples) of the sinusoidal stimulus
modulation frequency, provided that an adequate number
of units synchronously respond to the stimulus. This
framework captures how feature sensitivity at the unit
level can, in principle, generate stimulus-related frequency
components. In the following, we show that analogous
frequency components can also arise purely from reti-
notopic variations in population response strength, even
when the underlying unit responses are driven equally by
the stimulus.

Since our aim is to investigate whether identifiable fre-
quency components can be generated independently of the
unit response, specifically due to position-dependent vari-
ances in the responses of different retinotopic populations,
we focus on the scenario in which the stimulus intensity «
remains constant across time and the unit responses do not
vary as a function of modulations in stimulus intensity. If a
position-modulated stimulus, across its different positions,
was processed by a perfectly homogenous ensemble of
identical units without any position-dependent variability in
the measured EEG strength, the resulting signal would not
exhibit fluctuations and remain constant across time. This is
because the stimulus would drive uniform responses from
the same number of units with identical properties at each
time point (Fig. 1, gray line). Conversely, if there are position-
dependent factors that influence how unit responses trans-
late into measured EEG strength, such as the density of units
or their distance from the electrodes, the signal would exhibit
fluctuations across different positions of the stimulus, even
though individual local units receive the same information
(i.e.,, stimulus intensity) and produce the same response.
Moreover, if there are consistent variations in the receptive
field properties of different retinotopic populations, these
could also lead to position-dependent variability in EEG sig-
nals by modulating unit responses based on the pattern of
overlap between the receptive fields and stimulus (Fig. 1, blue
line).

To capture the effect of such position-dependent fac-
tors, we conceptualize population response as a represen-
tation of collective activity from many individual units
responding to the stimulus as measured by the EEG. At
each position of the stimulus, a number of units whose
receptive fields overlap with the stimulus produce a
response. The population response is a sum of responses

from each of these units with weights determined as a
function of the location of the unit's receptive field within
the visual field:

d(xs(t).a(t)

> g(x) - fi(xs(t), a(t))

i=1

Y(t) =

where d is a unit-density function that determines the num-
ber of units responding to a stimulus presented at retinotopic
position xs with intensity « at time t; f is the magnitude of
response for each unit responding to that stimulus; and g
determines the extent to which the response of each unit
contributes to the measured population response based on
the location of its receptive field, x;. Therefore, Y is the
magnitude of the measured population response evoked by a
stimulus whose position is xs and intensity a.

As our focus is solely on signal variations arising from
position-specific factors, we assume that individual units
produce identical responses when a stimulus with the same
intensity « falls within their receptive fields. Therefore, we
factor out the variance attributable to the correlation between
individual unit responses and stimulus intensity under the
condition that the intensity « is constant. However, unit re-
sponses would still vary depending on the extent of overlap
between each unit's receptive field and the stimulus. Conse-
quently, unit responses would exhibit variability contingent
upon the positioning and dimensions of both their receptive
fields and the stimulus. This inter-unit variance alone would
not lead to differences in population response if the spatial
distribution of units' receptive field sizes were identical for
each population. Conversely, if the receptive field sizes of in-
dividual units, or their spatial distribution within the popu-
lation receptive field, vary across populations, this could lead
to differences in population responses along with other
position-dependent factors. We account for this by keeping
the fi(xs(t)) term while excluding the variance attributable to .
Thus, we obtain:

9(xi) - fi(xs(t))

which denotes a stimulus-position-dependent coefficient for
the magnitude of EEG signals recorded from a population of
stimulated units, whose responses do not vary as a function of
stimulus intensity but only as a function of the position of
their receptive fields. It is then possible to calculate these
position-dependent coefficients for stimuli encompassing
arbitrary portions of the visual space (such as pixels on an
image) at discrete time points and map them across the visual
field. This produces a two-dimensional heatmap representing
the variance in EEG amplitude caused by position-dependent
factors, given otherwise uniform unit responses, which we
refer to as Retinotopic Weight Function (RWF):

d(xsuv)
RWFuy= ) (i) fi(Xsuu)
i=1

The actual nature of the RWF is not of criticalimportance for
our demonstration, and it can be substituted by any two-
dimensional function that may or may not approximate the
influence of biologically-plausible position-dependent factors
on the EEG strength. The critical requirement for the RWF in
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this context is that it consistently varies across the visual field
and scales the contribution of each unit (to the signal) based on
the location of their receptive fields. We will demonstrate that
as longas this condition is fulfilled, position-dependent factors
can interact with position-modulated stimuli to generate pe-
riodic signal fluctuations and therefore yield identifiable fre-
quency components.

To this end, we simulate a hypothetical signal that con-
tains only the fluctuations caused by position-dependent
variances in population responses and not by the oscilla-
tions in unit responses induced by modulations in stimulus
intensity. Therefore, we generate signals by multiplying a
constant average unit response C with the respective position-
dependent weight corresponding to the population response
strength at each position of a moving stimulus.

S(t) =RWFxay * C

where x and y are the cartesian coordinates of the stimulus
position.

Given this framework, we explore three different cases for
the RWF, as depicted in Fig. 2a—c. These RWFs were defined
primarily for illustrative purposes, to span different types of
spatial variation rather than to provide realistic models of the
visual system. In Fig. 2a, the RWF decreases linearly with dis-
tance from the center; although this is an arbitrary choice, it
loosely resembles eccentricity-dependent differences in
cortical magnification that could, in principle, produce analo-
gous variations in population response. In Fig. 2b, the RWF
decreases linearly from left to right visual field and therefore
introduces variation across polar angles, which can be seen as
a simple example of anisotropic weighting. In Fig. 2c, the out-
puts of the RWF are randomly sampled from a uniform distri-
bution on a fine spatial grid, thereby representing a complex
spatially varying function without assuming any specific bio-
logical computation. Despite their arbitrariness, all three RWFs
meet the essential condition of exhibiting consistent position-
dependent differences in measured population responses, and
thus serve to demonstrate that a wide range of non-uniform
weighting functions can give rise to position-dependent fre-
quency components.

Finally, we examine various forms of position modulation
applied to a singleton stimulus (Fig. 2, Position Modulation
column). First, we consider the rotational motion of a
singleton object orbiting a central point (orbital). Second, we
consider the repetitive translational motion of an object with
a constant speed, which moves back and forth along a hori-
zontal axis (linear). Third, we consider the position modula-
tion of an object that blinks between two positions, akin to
traditional long-range motion paradigms (blinking).

Fig. 2 (Signal column) illustrates the simulated signals
generated for all combinations of three distinct RWFs and
three types of position modulation (i.e., orbital, linear, and
blinking). Signals were generated for 4-sec time windows with
all three types of position modulation being repeated four
times with a cycling frequency of 1 Hz. The simulated signals
were then Fourier transformed to the frequency domain with
a 1/4 = .25 Hz frequency resolution. All visible frequency
components in the Frequency Domain column in Fig. 2

correspond to the harmonics of the position modulation fre-
quency (i.e., 1 Hz).

In Fig. 2a, the RWF varies as a function of eccentricity.
Consequently, the two position modulation types charac-
terized by stable eccentricity over time (i.e., orbital and
blinking), do not induce any fluctuations in the signal. In
contrast, linear position modulation results in the stimulus
traversing differently weighted retinotopic areas, thereby
introducing fluctuations in the measured population
response. These fluctuations repeat at the same temporal
intervals as the periodic position modulation, giving rise to
frequency components that are harmonics of the position
modulation frequency. In Fig. 2b, the RWF decreases line-
arly from left to right. For orbital position modulation, this
corresponds to a circular traversal of the stimulus through
a linear range of weights, producing approximately sinu-
soidal fluctuations in the signal that exhibit primarily the
fundamental position modulation frequency (1 Hz) in the
frequency domain. By comparison, linear and blinking po-
sition modulations yield triangular and square-like wave-
forms, respectively, which characteristically exhibit odd
harmonics of the fundamental frequency. In Fig. 2c, the
RWF is substantially more complex. As a result, the
generated signals appear more intricate than the simple
waveforms in the previous two cases. Despite this
complexity, the signals still produce frequency compo-
nents that are harmonics of the position modulation
frequency.

These simulations reveal that position-dependent dispar-
ities in measured population responses have the potential to
interact intricately with position-modulated stimuli, giving
rise to periodic fluctuations in the EEG signal. The character-
istics of these fluctuations, including the frequency compo-
nents they generate, are contingent upon both the RWF and
the specific pattern of position modulation applied to the
stimuli. Crucially, in our simulations, both the stimulus in-
tensity and the magnitude of unit responses were considered
identical for all local units responding to the stimulus across
each timepoint. This means that the periodic fluctuations in
our simulated signals do not stem from modulations in
stimulus intensity and the consequent oscillations in unit
responses that they induce, but rather are attributable to the
position-dependent factors captured by the RWF.

These results pinpoint the hypothetical possibility of
position-dependent factors inducing periodic fluctuations
even when individual neurons across positions are driven
equally by the stimulus. However, it is not clear whether these
position-dependent factors have a practical influence on
actual EEG signals. Therefore, to empirically investigate
whether position-dependent factors could independently
induce frequency components, we conducted two EEG ex-
periments. Given that the fluctuations produced by position-
dependent factors in our simulations are inherently phase-
locked to the position modulation of the stimulus, we posited
that these frequency components would persist after time-
domain averaging when combining trials with identical pha-
ses for the position modulation. Conversely, we expected
them to diminish when combining trials with varied phases
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Fig. 2 — Simulated signals and their frequency domain representations. The Retinotopic Weight Function (first column)
interacts with the type of position modulation (second column: Orbital, Linear, Blinking) to shape the time domain response
(third column) and resulting frequency content (last column). Frequency domain responses (last column) show harmonics of
the position modulation frequency. (a) Retinotopic Weight Function decreases linearly with eccentricity. Orbital position
modulation: The singleton stimulus traverses along a circular path with constant eccentricity, which does not introduce
fluctuations in the signal and does not lead to any frequency components. Linear: Stimulus eccentricity is linearly
modulated along a horizontal line. The course of the eccentricity modulation is reversed sharply at the center and during
motion-direction reversals (left-to-right, right-to-left). This is reflected in the signal as a triangular wave, which contains
harmonics of double the position modulation frequency. Blinking: The singleton stimulus alternates between two locations
that have identical weights in the Retinotopic Weight Function, therefore it also does not produce fluctuations and
frequency components. (b) Retinotopic Weight Function decreases linearly from left to right visual field. Orbital: The signal
is the projection of a circular motion along a linear gradient, which by definition is sinusoidal. Therefore, only the
fundamental position modulation frequency is represented in the frequency domain. Linear: Stimulus seesaws along the
axis of linear Retinotopic Weight Function gradient. The signal exhibits sharp reversals when the stimulus changes
direction. This triangular signal contains the odd harmonics of the position modulation frequency. Blinking: Stimulus
alternates between two locations with different weights, leading to a square wave signal and harmonics of the position
modulation frequency. (c) Retinotopic Weight Function is randomly determined. Orbital and linear position modulation: The
stimulus traverses through areas with randomly determined weights for the Retinotopic Weight Function. The consequent
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for the position modulation. Therefore, we separately modu-
lated the polar angle (Experiment 1) and eccentricity (Experi-
ment 2) of a singleton dot, and incorporated both phase-
locked and phase-varied conditions, in which the phases of
these modulations were either stable or randomized across
trials.

3. Experiment 1: Polar angle modulation
3.1 Materials and methods

In Experiment 1, we investigated whether the modulated
polar angle of a singleton stimulus could interact with
position-dependent factors to produce distinct frequency
components when other stimulus properties are kept
constant.

3.1.1. Participants

Fourteen Sabanci University students (8 female, 6 male; mean
age = 21.1 years, SD = 2.02) with normal or corrected-to-
normal vision participated in Experiment 1 for course credit.
One participant's data was excluded from all analyses due to
software errors during the recording session, reducing our
sample size to 13. The sample size was based on previous
studies with similar methods (e.g., Nozaradan et al., 2012;
Pitchaimuthu et al., 2021; Varlet et al., 2023). A sensitivity
analysis conducted using GPower software (Faul et al., 2007)
revealed that this sample size was sufficiently powered
(power = .80) to detect large effect sizes (Cohen's f > .42) for our
within-subjects factors (see, 3.1.6 Frequency domain
analysis). All procedures in this study were reviewed and
approved by the Sabanci University Research Ethics Council.
Participants gave informed consent prior to the experiment
session.

3.1.2. Apparatus and stimuli

Stimuli were generated using PsychoPy (Peirce et al., 2019) and
presented on an ASUS XG248Q monitor (23.8",
resolution = 1920 X 1080) with a refresh rate of 60 Hz. Partic-
ipants viewed the stimuli from a 76.5 cm distance in a dark
and quiet room. The stimuli consisted of a single light gray
(contrast = 75%) dot rotating around a fixation cross on a dark
gray (contrast = 25%) background. The dot had a radius of 1
dva and an eccentricity of 5 dva from the fixation cross. The
dot always completed one full rotation in exactly 1 sec and
had a constant movement speed with a 6°polar angle shift per
motion frame. Trials lasted 11 sec, during which the dot
completed 11 full rotations.

The rotational motion of the dot meant that its polar angle
was modulated as a function of time. The phase of this polar
angle modulation depended on the position from which the
dot started its rotation. In one condition, the dot's rotation
always started from the same predetermined polar angle
chosen randomly for each participant from a range of 0°—350°

in steps of 10° (e.g., 50° for one participant, 130° for another).
The constant starting polar angle led to a phase-locked
manipulation of the dot's polar angle across trials (Fig. 3a). We
will hereafter refer to this condition as the phase-locked
(PL) condition. In the second condition, the starting polar
angle was randomly selected for each trial from the same
range (0°—350° in steps of 10°) without replacement (i.e., each
step was used only once). Since the dot started its rotation
from a different polar angle on each trial, the polar angle
modulation was not phase-locked in this condition (Fig. 3b).
Therefore, we will refer to this condition as the phase-varied
(PV) condition. There were 72 trials for each phase condition
(PL and PV).

The only difference between the two phase conditions
was the locked versus varied phase of the polar angle mod-
ulation. All other stimulus properties, including motion
speed, direction-switch rate, rotational frequency, and ec-
centricity were identical between the two conditions. More-
over, these properties were either not expected to induce
periodical signal fluctuations as they were not periodically
modulated (e.g., motion speed) or were expected to yield
identical frequency components in both conditions as their
modulations were phase-locked in all trials (e.g., direction-
switch rate, rotational frequency). For example, even when
the dot started its rotation from different angles, it repeated
its rotation cycle at exactly 1 sec intervals (i.e., rotational
frequency). Likewise, the dot's movement direction was
shifted by the same amount at each frame regardless of its
starting polar angle (i.e., direction-switch rate). Therefore,
we expected that any differences between the frequency
components extracted from the two phase conditions would
primarily stem from the phase manipulation applied to the
polar angle modulation.

Since we were interested in EEG activity sensitive to polar
angle modulation, we expected rotation direction to be a
defining factor in the profile of the modulated EEG signal.
Therefore, we also manipulated the rotation direction of the
dot. In both phase conditions, the dot rotated either clockwise
(CW) or counterclockwise (CCW), counterbalanced within
each condition. Hence, we had 36 CW and 36 CCW trials for
each phase condition.

3.1.3.  Procedure

Each trial started with a fixation cross displayed on a gray
background for 1 sec, followed by an 11-sec presentation of
the rotating dot stimulus. After each trial, there was a self-
paced break in which the participants pressed a keyboard
key to proceed with the next trial. In approximately 14% of
the trials (12 trials per block), the rotating dot briefly
changed its color for 250 msec at a random time (except
during the first and last seconds of the trial). Participants
were instructed to fixate on a red cross at the center of the
screen, and press keys on the keyboard whenever they
noticed a change in the dot's color (“F” key if the dot turned
red, “J” if it turned green). The trial was terminated upon

signals are highly complex, but since they have the same period as the position modulation cycle, they contain harmonics
of the position modulation frequency in their frequency domain representations. Blinking: Stimulus alternates between two
locations with different weights similarly to (b). The square wave signal contains the harmonics of the position modulation

frequency.
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Fig. 3 — Phase manipulation of the polar angle modulation. (a) In the phase-locked condition, the dot consistently initiated
its rotation from the same polar angle across trials, resulting in a consistent phase for the polar angle modulation. The sine
functions (green lines) in the second row are provided for illustrative purposes, demonstrating how the dot's starting angle
influences the phase of the polar angle modulation. Although the actual signal evoked by the polar angle modulation may
not be sinusoidal, its phase is expected to align with the phase of this modulation. (b) In the phase-varied condition, the
dot's starting angle was randomly chosen on each trial from the 36 predefined polar angles. Consequently, the polar angle
modulation was not phase-locked across trials in the phase-varied condition, which would result in non-phase-locked
signals canceling out each other when averaged in the time domain (the straight green line).

response or after the 1-sec response window, with a feed-
back (i.e., correct/incorrect) text displayed for 1 sec. These
trials acted as catch trials to motivate participants to pay
attention to the stimulus.

Trials from PL and PV conditions were presented in two
separate blocks, the order of which was counterbalanced be-
tween participants. Each block consisted of 72 experimental
and 12 catch trials, with an equal number of CW and CCW
trials, in random order. Participants took a 3—5 min break
between the two blocks. Prior to the experiment, participants
completed a short practice block (2—3 min) of 12 catch trials to
get accustomed to the task.

3.1.4. EEG acquisition

EEG was recorded using 64 Ag/AgCl active electrodes placed
on the scalp according to the international 10-10 system
(ActiCAP, Brain Products GmbH, Gilching, Germany) with
the following modifications: The channels TP10 and FT10

were placed above and below the participants' right eye to
be used as vertical electrooculogram (VEOG) channels, and
TP9 was used to replace the otherwise absent Iz channel.
BrainVision Recorder software (Brain Products GmbH,
Gilching, Germany) was used to record the EEG data at a
1000 Hz sampling rate with channel impedances kept
below 20 kQ.

3.1.5. EEG preprocessing

Fieldtrip Toolbox (Oostenveld et al., 2010) and custom scripts
were used to preprocess the data. A fourth-order Butterworth
bandpass filter (.5—100 Hz) was applied to the continuous data.
Power line noise was removed by a multi-notch filter at fre-
quencies 50, 100, and 150 Hz with bandwidths of 1, 2, and 3 Hz,
respectively. The online reference channel (FCz) was re-added
to the data and channels were re-referenced to the average of
all channels. Blink artifacts were removed by implementing
an Independent Component Analysis (ICA) in Fieldtrip, using
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EEGLAB's runica algorithm (Delorme & Makeig, 2004). Bad
channels were determined by visual inspection and interpo-
lated (.37% per participant on average) using neighboring
channels. Data were then segmented into 11-sec trial epochs
and downsampled by a quarter to 250 Hz for computational
efficiency. A small number of trials were rejected (M = 1.38%,
SD = 2.38) due to hardware-related artifacts (peak amplitude
>500 pV). Data from the catch trials were excluded from all
analyses.

3.1.6. Frequency domain analysis

We expected position-dependent discrepancies in EEG
strength to induce periodic fluctuations in the signal by
enhancing or attenuating the strength of the population
response at different polar angles of the rotating dot stimulus.
Therefore, we expected the phases of these periodic fluctua-
tions to align with the phase of our polar angle modulation.
Consequently, we anticipated these fluctuations to exhibit
phase-locking across the trials of our PL condition, but not
across the trials of the PV condition.

To extract the periodic fluctuations induced by the polar
angle modulation, we utilized time-domain averaging and
averaged the trials from each of our conditions in the time
domain (Trial N = 36). Time-domain averaging eliminates
noise while keeping phase-locked signals intact (Trimble,
1968). As a consequence, we expected time-domain aver-
aging to preserve the polar angle modulation frequencies in
the PL condition, but eliminate the same frequencies in the PV
condition through phase-cancellation. As previously dis-
cussed (see, 3.1.2 Apparatus and stimuli), other stimulus
properties were either not expected to induce periodic fluc-
tuations or were expected to induce the same periodic fluc-
tuations in both conditions. Therefore, any frequency
components with amplitudes significantly higher in the PL
than the PV condition should belong to fluctuations induced
by the polar angle modulation alone.

We applied a Fourier transform on the time-averaged data
(frequency resolution: 1/11 = .09 Hz), and calculated the
baseline-subtracted amplitudes by subtracting from the
amplitude of each frequency bin the average amplitude of 16
neighboring bins (8 from both sides), with the exclusion of
two immediately adjacent bins (one on each side). Since the
dot's polar angle was modulated at 1 Hz, we expected to
observe frequency components at 1 Hz and its harmonics.
We also compared the overall amplitude of activity distrib-
uted across these fundamental and harmonic frequencies. To
this end, we summed the baseline-subtracted amplitudes of
all harmonic frequencies which were significantly above the
noise level (Retter et al., 2021; Retter & Rossion, 2016). Sig-
nificant harmonics were determined by first grand-averaging
the FFT spectra across participants, channels, and conditions,
and then calculating Z-scores for each frequency bin with a
similar procedure to the baseline-subtracted amplitude
calculation (i.e., 16 neighboring bins were used as the base-
line for each frequency bin). Only the frequency components
up to the sixth harmonic (including the fundamental fre-
quency) passed the threshold of significance (Z > 1.64, p < .05,
one-tailed, signal > noise), and thus were included when
calculating the summed baseline-subtracted amplitudes for
each condition.

We identified two separate ROIs for our analyses. The first
included only the Oz channel, which largely covers V1 where
the position-dependent discrepancies across different reti-
notopic areas, such as cortical magnification, are most well-
known (Dahlem & Tusch, 2012; Daniel & Whitteridge, 1961;
Dow et al., 1981; Gattass et al., 1987; Palmer et al., 2012; Van
Essen et al., 1984). The second ROI consisted of 8 posterior
channels (Oz, 01, 02, POz, PO3, PO4, PO7, PO8) which roughly
encompasses the occipital-parietal areas in which previous
studies consistently found frequency components induced by
position-modulated stimuli (Aissani et al., 2011; Alp et al,,
2017; Nozaradan et al., 2012; Palomares et al., 2012;
Pitchaimuthu et al., 2021; Varlet et al., 2023). Separately for
each ROI, we ran a 2-by-2 repeated-measures ANOVA (rm-
ANOVA) on participants’ summed baseline-subtracted am-
plitudes with phase (PV vs PL) and rotation direction (CW
us CCW) as within-subject factors. For the first ROI, the sum-
med baseline-subtracted amplitudes from the Oz channel
were used in the rm-ANOVA. For the second ROI, we averaged
the summed baseline-subtracted amplitudes from the eight
channels to quantify and compare the overall response in
these posterior channels. All reported p-values for both tests
were Bonferroni-corrected for multiple comparisons (i.e., one
for each RO, Keil et al., 2022).

Lastly, we calculated the SNR (signal/baseline) for all fre-
quency bins using the same baseline as described above, to
better illustrate the pattern of harmonic frequencies con-
tained in the evoked signal. SNR is preferred for this purpose
as higher frequencies can have a low amplitude (and there-
fore a low baseline-subtracted amplitude) but still have a
high SNR.

3.2. Results

3.2.1. Behavioral results

The behavioral task in the catch trials served the sole purpose
of encouraging participants to pay attention to the stimulus.
Therefore, we only required participants to have accuracy
above 50% on the catch trials. Overall, participants’ accuracy
was high (M = 88.14%, SD = 8.31), and no participant had
below-chance accuracy in either of the two experimental
blocks (Min. = 58.33%).

3.2.2. Frequency domain results

Z-scores calculated on the grand-averaged amplitude spectra
indicated that harmonics of the polar angle modulation fre-
quency were significant up to the sixth harmonic (see, 3.1.6
Frequency domain analysis), thereby constituting our
frequencies-of-interest for the following analyses. Fig. 4 il-
lustrates that these six frequencies are clearly distinguishable
from noise in the two PL conditions (CW and CCW) whereas
they are at noise levels (SNR = 1) in the PV conditions. A visual
inspection of the topographical maps (Fig. 5) displaying the
summed baseline-subtracted amplitudes for each condition
across EEG channels suggests a clear posterior activity in the
PL, but not in the PV, conditions.

A rm-ANOVA on the summed baseline-subtracted ampli-
tudes from the Oz channel (i.e., the first ROI) revealed a sig-
nificant main effect of phase [F(1, 12) = 86.74, pyons < 1073,
1% = .878]. The main effect of rotation direction [F(1, 12) = .59,
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Fig. 4 — FFT signal-to-noise ratio (SNR) spectra. SNR calculated on the FFT amplitude spectra obtained from time-domain
averaged trials for each condition. The figures here reflect the SNR values extracted from the Oz channel, averaged across
participants. The first six harmonics of the modulation frequency (1f, 2f, 3f, 4f, 5f, and 6f) exhibit high SNR (>2) in the phase-
locked conditions, but are at noise levels (~1) in the phase-varied conditions.

Poons = .91, n%, = .047] and the interaction term [F(3,
12) = 5.86*107>, Ppons = 1, n% = 4.88*10~°] were not significant.
Fig. S5b depicts the distinction among each condition.
Bonferroni-corrected post hoc tests revealed that the summed
baseline-subtracted amplitudes from the PL condition were
significantly larger than those from the PV condition, within
both CW (Mdiﬁc: 1.516, pbonf< 1075) and CCW (Mdiff: 1.517, pbonf
< 107°) conditions. CW and CCW conditions did not differ
significantly within PV (Mjg = .048, Pyons = 1) or PL (Mgir = .047,
Prons = 1) conditions.

A separate rm-ANOVA on the summed baseline-
subtracted amplitudes averaged from the eight posterior
channels (i.e., the second ROI) also revealed similar results:
The main effect of phase [F(1, 12) = 75.77, Pyons < 107>, n’%,.
= .863] was significant, but the main effect of rotation di-
rection [F(1, 12) = .48, ppons = 1, n°p = .039] and the interaction
term [F(1, 12) = .064, Pyons = 1, 1%, = .005] were not. The PL
condition had larger summed baseline-subtracted ampli-
tudes than the PV condition in both CW (Maiff = 1.67, Pons <
10°) and CCW (Mg = 1.69, Prons < 107°) conditions (see,
Fig. 5b). There was no significant difference between the
CW and CCW conditions within PV (Mg = .05, pyons = 1) or PL
(Mai = .023, ppons = 1) conditions.

4. Experiment 2: Eccentricity modulation

Results from Experiment 1 revealed frequency components
that are contingent on the phase of the polar angle modula-
tion, and therefore originate from a position-dependent
modulation of the EEG signal. These results are in line with

our hypothesis that systematic position-dependent discrep-
ancies in the EEG strength can yield frequency components by
interacting with a position-modulated stimulus. In Experi-
ment 2, we investigated whether a modulation of stimulus
eccentricity can drive similar results.

4.1.  Method

Materials and methods were identical to Experiment 1, with
the exceptions outlined below.

4.1.1. Participants

Thirteen Sabanci University students (8 female, 5 male; mean
age = 21.38 years, SD = .5) with normal or corrected-to-normal
vision were recruited in exchange for course credit. The
sample size was based on previous studies as in Experiment 1.
A sensitivity analysis revealed that this sample size was suf-
ficiently powered (power = .80) to detect effect sizes larger
than .73 (Cohen's d, one-tailed paired-samples t-test; see, 4.1.3
Frequency domain analysis).

4.1.2. Apparatus and stimuli

In Experiment 2, we employed the same rotating dot stim-
ulus but adjusted the position of the rotation trajectory by
shifting it in eight different directions (shift direction angles:
0°—315° in increments of 45°). As a consequence, the center
of the rotation trajectory was always positioned 2 dva away
from the fixation cross, which allowed the dot's eccentricity
to be modulated between 3 and 7 dva during its rotation. The
phase of this eccentricity modulation depended on the po-
sition from which the dot started its rotation. More
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Fig. 5 — Summed baseline-subtracted amplitudes. (a) Topographical plots of grand-averaged summed baseline-subtracted
amplitudes of the first six harmonics of the modulation frequency (1f, 2f, 3f, 4f, 5f, and 6f) across all channels. (b) The
summed baseline-subtracted amplitudes of the first six harmonics of the modulation frequency are depicted for the two
regions-of-interest. Left: Summed baseline-subtracted amplitudes obtained from the Oz channel. Right: Average of the
summed baseline-subtracted amplitudes obtained from the eight posterior EEG channels. Error bars indicate the standard
error of the mean. Statistical significance is denoted as *** (p < 1075).

specifically, the phase of the eccentricity modulation was
determined by the relative angle between the dot's initial
position and the axis of the trajectory shift (Fig. 6). Using this
property, we kept the phase of the eccentricity modulation
constant across trials in the PL eccentricity modulation
condition and varied it in the PV condition (range: 0°—315° in
steps of 45°). The constant phase used for the eccentricity
modulation in the PL condition was randomized between
participants by randomly assigning each participant a

predetermined relative starting angle. This meant that the
relative starting angle of the dot in the PL condition, and
therefore the phase of the eccentricity modulation, was
different for each participant (but still constant across the PL
trials within participants).

Shifting the rotation trajectory in eight different di-
rections allowed for varying the phase of the polar angle
modulation in both phase conditions, while still enabling a
phase-locked eccentricity modulation in the PL condition.
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Fig. 6 — Rotation trajectory shift and the phase of the eccentricity modulation. (a) Left: The circular rotation trajectory was
shifted by 2 dva. As a result, the dot's eccentricity changed from 3 to 7 dva during its rotation. Right: Relative starting angle
of the dot defined as the angle between the vector of the rotation trajectory shift and the dot's initial position (shift
angle—dot's polar angle). This relative starting angle determined the phase of the eccentricity modulation. (b) The phase of
the eccentricity modulation was determined by the relative starting angle of the dot, even when different shift angles were
applied to the rotation trajectories. The left and right columns represent conditions where the rotation trajectories were
shifted in different directions, yet the phases of the eccentricity modulation remained the same. This consistency was
achieved by maintaining the same relative starting angle across different shift directions.

Therefore, we expected to observe only the frequency
components introduced by the eccentricity modulation, as
those introduced by the polar angle modulation would be
eliminated through phase-cancelation. As a consequence
of the cancellation of polar angle-dependent signals, any
influence of the dot's rotation direction (CW and CCW) was
also expected to be eliminated. Therefore, to increase the
number of trials for our phase conditions, we omitted the
rotation direction conditions in Experiment 2. Instead, we
maintained a constant rotation direction (either CW or
CCW) across all trials, with the specific direction randomly
predetermined for each participant.

Each trial lasted 10 secs and contained 10 full rotations of
the dot. PL and PV conditions were presented in two different
blocks similar to Experiment 1. Each block had 76 trials, 12 of

which were catch trials. The task in the catch trials was
identical to Experiment 1.

4.1.3.  Frequency domain analysis

Bad channels were interpolated (.5% per subject on average)
using neighboring channels, and a small number of trials
(M = .96%, SD = 1.15) with hardware-related artifacts were
excluded from the analyses. Later, trials from the PL and PV
conditions were averaged separately in the time domain (Trial
N = 64). Following the same Z-score calculation procedure
and significance criterion as in Experiment 1 (baseline: 14
neighboring bins for each frequency), only the fundamental
frequency component (1 Hz) was found significant. Therefore,
we used the baseline-subtracted amplitudes of the funda-
mental frequency to compare the two conditions in two
paired-samples t-tests for the two ROIs. Since we expected the
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PL condition to produce large baseline-subtracted amplitudes
and the PV condition around the noise level (baseline-sub-
tracted amplitude = 0), we ran one-tailed tests.

4.2. Results

4.2.1. Behavioral results
Participants’ accuracy on the behavioral task was similar to
Experiment 1 (M = 84.62%, SD = 9.22, Min. = 58.33%).

4.2.2. Frequency domain results

Z-scores calculated on the grand-averaged amplitude spectra
revealed that only the fundamental frequency was signifi-
cantly larger than the noise (Z = 2.75, p = .003, one-tailed,
signal > noise). Fig. 7 shows that the fundamental frequency
had a large SNR in the PL condition, but was at noise levels in
the PV condition (SNR = 1). Topographical maps of the
baseline-subtracted amplitudes (Fig. 8b) suggest that phase-
locked eccentricity modulation elicited activity in the poste-
rior channels, whereas no particular activity was observed in
the PV condition.

We ran two separate one-tailed (i.e., PL > PV) paired-
samples t-tests on the two ROIs. The fundamental frequency
had a significantly larger baseline-subtracted amplitude in the
PL condition for both the Oz channel (t(12) = 5.17, pyons < .001,
d = 1.43), and the average of the eight posterior channels
(t(12) = 5.12, ppons < .001, d = 1.42), compared to the PV condi-
tion (Fig. 8a).

5. Discussion

We hypothesized that position-dependent factors that influ-
ence the strength of signals measured from different reti-
notopic populations (e.g., cortical magnification, cortical
volume and depth, dipole orientation of local currents relative
to the electrode array, conductivity of brain tissue and cere-
brospinal fluid) can, under certain circumstances, introduce
systematic signal fluctuations that give rise to frequency
components mimicking SSVEP components typically inter-
preted as signatures of functional processing of periodically

Phase-locked

modulated stimulus features. To test this, we simulated the
influence of such position-dependent structural factors on
EEG signals and asked whether signal fluctuations driven
purely by these factors could yield frequency components
when no other stimulus property was periodically modulated.
Our simulations revealed that, even when individual units
responding to the stimulus are driven equally across space
and time, position-dependent factors interacting with a
position-modulated stimulus can generate distinct frequency
components that are strictly phase-coupled to the stimulus's
position modulation. The specific frequency components
produced in this way depend jointly on the trajectory of the
position modulation and on the position-dependent weight-
ing of signals from different retinotopic populations (i.e., the
Retinotopic Weight Function).

In two subsequent EEG experiments, we tested whether
the frequency components generated by position-
dependent factors in our simulations can also arise in
practice. We modulated the position of a singleton shape by
varying its polar angle (Experiment 1) or its eccentricity
(Experiment 2). For each type of position modulation, we
had a phase-locked (PL) condition, in which the phase of the
modulation was identical across trials, and a phase-varied
(PV) condition, in which the phase was randomized across
trials. All other stimulus properties were kept constant
across conditions, such that they would either produce no
frequency components or identical components in both
conditions. This design allowed us to use trial-averaged
phase-cancellation in the PV condition to selectively
remove signal fluctuations that were strictly time-locked to
the periodic position modulation. Consequently, any fre-
quency components that differed between the PL and PV
conditions can be attributed primarily to position-
dependent factors interacting with the position-modulated
stimulus. In line with this prediction, we observed clear
frequency components at the position modulation fre-
quencies in both experiments when the polar angle and
eccentricity modulations were phase-locked across trials,
whereas the same components were indistinguishable from
noise when the phases were randomized.

Phase-varied
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Fig. 7 — FFT signal-to-noise ratio (SNR) spectra. SNR calculated on the FFT amplitude spectra obtained from time-domain
averaged trials for each condition, from the Oz channel. The fundamental modulation frequency (1f) exhibits a high SNR in
the phase-locked condition, whereas its SNR is at noise levels in the phase-varied condition.
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This position-dependent modulation of the EEG signal can
be readily explained by retinotopic differences in cortical and
biophysical properties that determine how neural activity is
translated into measured signals. For instance, because the
visual field is mapped non-uniformly onto the visual cortex
and some visual field locations are represented by dispro-
portionately larger or differently arranged cortical areas (i.e.,
cortical magnification; Daniel & Whitteridge, 1961; Horton &
Hoyt, 1991; Schwartz, 1980), the same stimulus can activate
more or less brain tissue and thereby produce different signal
amplitudes depending on its position in the visual field.
Similar position-dependent variation can arise from other
structural factors (e.g., cortical depth: Butler et al., 2019;
cancellation between simultaneously active sources: Ahlfors
et al., 2010; orientation of dipoles relative to electrodes:
Capilla et al., 2016), since simple amplification or attenua-
tion of signals across retinotopic areas is sufficient to produce
systematic fluctuations as a function of stimulus position.
Consequently, any set of structural factors that systematically
influences EEG amplitude could generate distinguishable fre-
quency components by introducing position-dependent fluc-
tuations, even when the underlying neuronal responses to the
stimulus are equivalent across positions. In such cases, the
resulting frequency components would primarily reflect
structural weighting rather than modulations in the re-
sponses of neurons selectively tuned to a particular stimulus
feature.

The key point here is not that any one structural factor
solely explains these results, but that such structural factors,
either collectively or independently, can generate frequency
components that are orthogonal to (and can coexist with)
functionally driven sources of periodic EEG signals. This
finding refines a common interpretive assumption in many

SSVEP applications, which posits that the frequency compo-
nents observed in response to a periodically modulated
stimulus are a direct reflection of evoked neuronal activity
processing the specific stimulus property that is modulated
(Norcia et al., 2015). In contrast, the frequency components we
report can be accounted for without appealing to a specialized
neural mechanism tuned to the periodically modulated
feature. Instead, they suggest that structural factors can exert
a multiplicative influence on signals originating from neural
responses to the stimulus, effectively acting as an indepen-
dent source of amplitude modulation. As a result, while these
frequency components may resemble typical SSVEP compo-
nents, their presence alone does not guarantee that the un-
derlying activity indexes computations on the modulated
stimulus property and thus provides limited leverage for in-
ferences about visual processing as they simply emerge as a
byproduct of the brain's structural organization.

The brain's structural organization is tightly coupled to its
function, and many feature- and category-selective neural
populations are anatomically localized. As a result, SSVEP
components that differentiate categorical stimuli (for
example, faces from objects) can be driven by both functional
factors (e.g., the pattern and strength of responses in face- and
object-selective populations) and structural factors (e.g., the
size and neuronal density of these regions, their cortical depth
and orientation, their distance from the electrode array, and
other biophysical influences), either independently or in
combination. In some paradigms, SSVEPs may even be pre-
dominantly shaped by such structural weighting, yet this does
not necessarily constitute a problem: these structural in-
fluences can provide useful information about the functional
localization of specific category-selective mechanisms and
can be deliberately exploited for mapping purposes. At the
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same time, the same structural dependencies mean that low-
level regularities in stimulus design, such as systematic dif-
ferences in retinotopic position or local variance in spatial
frequency, can generate or amplify SSVEP components in a
way that mimics higher-level feature- or category-selective
responses and thereby becomes a confounding factor. We
suggest that researchers should explicitly consider these
structural influences when interpreting SSVEP components
and decide, on a case-by-case basis, whether they are infor-
mative with respect to the functional question at hand or
whether they instead obscure the underlying neural mecha-
nisms and thus need to be minimized, counterbalanced, or
controlled for.

The frequency components generated by position-
dependent factors present a particular challenge when they
closely resemble those expected to result from specific neural
mechanisms or neural populations that are selective or sen-
sitive to particular stimulus attributes. For instance, in SSVEP
studies focusing on visual motion processing, researchers
often employ stimuli composed of moving visual elements
whose positions undergo repetitive modulation along a fixed
path of motion (e.g., Aissani et al., 2011; Nozaradan et al., 2012;
Pitchaimuthu et al., 2021; Varlet et al., 2023). Some of these
studies have argued that the frequency components elicited in
response to such stimuli reflect the modulation in the activity
of motion-sensitive neural populations, including those sen-
sitive to motion direction (e.g., Aissani et al., 2011; although
their results based on intermodulation components cannot be
readily explained by structural factors) or repetitive motion
patterns (e.g., Nozaradan et al., 2012; Pitchaimuthu et al,,
2021). However, with such motion stimuli, the motion-
related characteristics are inherently linked to position mod-
ulation. Consequently, position-dependent periodic fluctua-
tions could lead to similar frequency components either
independently or in conjunction with the signal fluctuations
introduced by the modulated activity of motion-sensitive
populations. This complicates the interpretation of results
from these studies, making it challenging to attribute the
observed frequency components solely to specific neural
mechanisms or populations.

Interestingly, our results do not implicate specific neural
responses sensitive to repeating motion patterns, or “visual
beats”, that previous studies have reported (Nozaradan et al.,
2012; Pitchaimuthu et al, 2021). In our experiments, the
singleton dot stimulus always completed a full cycle every
1 sec in both PL and PV conditions. If there were neural re-
sponses specific to the periodicity of motion, we would have
observed them in both of our phase conditions. Instead, we
only observed significant frequency components when the
modulations of stimulus position were phase-locked across
trials. This suggests that these frequency components were
not driven by neural mechanisms sensitive to the periodicities
in motion, but rather by position-dependent modulation of
the EEG signal.

Another interesting aspect of our data is the different
patterns of frequency components observed for polar angle
and eccentricity modulations. The polar angle modulation in
Experiment 1 produced complex periodic waveforms con-
taining the first six harmonics of the modulation frequency
(1f—6f), whereas the eccentricity modulation in Experiment 2

yielded a simpler, essentially sinusoidal waveform containing
only the fundamental frequency (1f). In our simulations, the
emerging frequency components always depended on the
interaction between the trajectory of the position modulation
and the RWF. Assuming that the underlying RWF of the visual
system is the same across experiments, the differences in the
observed spectra therefore reflect how this common weight-
ing function is sampled by the different position-modulation
trajectories.

In Experiment 1, the steady rotation of the stimulus
effectively sampled variation in the RWF across polar angle. In
Experiment 2, only the sinusoidal eccentricity modulation
was PL, which sampled variation in the RWF across the 3—7
dva eccentricity range. Taken together, our results suggest a
RWF that is roughly linear across eccentricity and non-linear
across polar angle within the spatial range of our position
modulations (5 dva for polar angle, 3—7 dva for eccentricity).
This pattern is consistent with previous findings that cortical
magnification and population receptive field sizes decrease
approximately linearly with eccentricity in the central visual
field, but vary non-linearly with polar angle (Daniel &
Whitteridge, 1961; Dumoulin & Wandell, 2008; Silva et al.,,
2018), although other structural factors beyond cortical
magnification may have also contributed to the differences
between the two experiments. Future work could characterize
the retinotopic weighting of EEG signals across a broader
extent of the visual field and more directly dissociate potential
structural influences.

A potential alternative to our account is that the frequency
components we observed could have been produced not only
by structural factors but also by functional, position-sensitive
mechanisms. For example, this would be possible if distinct
neural populations are preferentially engaged by the singleton
dot at specific absolute locations in the visual field, or if
position-sensitive units with relatively large receptive fields
systematically modulate their responses according to the dot's
instantaneous position. There is at least some evidence
consistent with this possibility. For example, the visual sys-
tem is sensitive to the typical visual field locations of objects,
and category-selective responses are enhanced when stimuli
appear at their common locations in the visual field (Kaiser
et al., 2018). Likewise, object-selective neurons in monkey
inferotemporal cortex (analogous to human LOC) exhibit
stronger responses to foveal compared to peripheral stimuli
(Rolls et al., 2003), indicating a form of functional eccentricity
dependence. By analogy, there could be higher-level or
intermediate-level visual neurons that respond more strongly
to our singleton dot at particular positions or within specific
segments of its trajectory, acting as a functional source of
position-dependent signal fluctuations. Although this inter-
pretation remains speculative in the context of our simple dot
stimulus, it highlights that functional position-sensitive
mechanisms could, in principle, have contributed to the fre-
quency components we observed, potentially in combination
with the structural position-dependent factors that are the
primary focus of our account.

Itis important to acknowledge two limitations of our study.
First, although participants were explicitly instructed to
maintain fixation on a central cross throughout all trials, we
did not directly monitor gaze position. If participants
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systematically tracked the moving dot with smooth pursuit
eye movements or frequent saccades, the stimulus would
remain relatively stable in retinal coordinates, thereby
reducing the position-dependent differences in signal
strength that form the basis of our account. Our interpretation
therefore assumes that fixation was maintained to a sufficient
degree for the stimulus to traverse different retinotopic re-
gions over time. Second, even if overt eye movements were
largely suppressed, the moving dot could still have captured
covert attention, modulating activity in retinotopic regions
corresponding to its instantaneous position. Our conclusions
would remain compatible with such covert attentional mod-
ulation if it were relatively uniform across locations; however,
a position-dependent attentional mechanism could, in prin-
ciple, reinforce or partially drive the observed effects. Further
work is needed to disentangle potential position-selective
attentional contributions from the structural influences
highlighted here.

One of the key advantages of SSVEPs is the ability to isolate
and track the activity of targeted neural populations that are
selectively engaged by specific properties of sensory inputs.
However, achieving this requires careful consideration of the
targeted neural populations that will be influenced by experi-
mental manipulations, as well as the structural and physical
factors governing the translation of neural activity into EEG sig-
nals. Our study highlights a scenario in which the observed fre-
quency components do not primarily reflect the selective activity
of a specific neural population of interest, but instead capture the
inherent discrepancies in EEG strength that vary systematically
across different retinotopic areas due to position-dependent
factors. In paradigms where spatial and temporal regularities,
such as local differences in spatial frequency across stimulus
categories or phase-aligned retinal positions of moving stimuli,
co-vary with the main experimental manipulations, structural
influences can contribute to differences in SSVEP power across
conditions or even generate identifiable frequency components
in the absence of any underlying selective computation, thereby
making it more challenging to attribute observed effects to
functional neural mechanisms.

Importantly, we do not view our results as incompatible
with the extensive literature demonstrating feature- and
category-selective SSVEP components (e.g., Boylan et al., 2023;
Kohler et al., 2016; Rossion et al., 2015). Rather, our findings
delineate a complementary scenario in which narrowband
frequency components can be generated mainly by position-
dependent structural factors, provided that spatial regular-
ities are periodic and phase-aligned across trials. In such
cases, structural influences can mimic the spectral signatures
typically attributed to selectively tuned neural populations
and thereby introduce interpretive ambiguity. We therefore
do not argue against the view that SSVEPs often index func-
tional neural processing of modulated stimulus features;
instead, we highlight that this interpretation is not guaran-
teed in the presence of systematic spatial regularities. From
this perspective, our results motivate spatially informed
methodological controls such as minimizing or counter-
balancing phase-aligned spatiotemporal regularities as a
necessary complement to functional interpretations of

SSVEPs. In our PV conditions, we randomized the phase of our
position modulations while keeping the other stimulus prop-
erties synchronized across trials. This enabled us to eliminate
the frequency components arising from position modulation
through phase-cancellation. Future studies can apply similar
phase-cancellation approaches, along with spatial controls
such as collapsing signals across stimulus variations in retinal
size, position, and rotation, to more effectively isolate the
primary activity of interest from position-dependent
influences.
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