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ABSTRACT

Objective. Decoding visual attention from brain signals dur-
ing naturalistic video viewing has emerged as a new direction
in brain-computer interface research. Current methods as-
sume that stronger coupling between object motion and neural
activity indicates higher attention, but this can be confounded
by eye movement artifacts and stimulus properties. This study
investigates how visual eccentricity—the distance between a
visual object and the fixation point—affects neural responses
when eye movement artifacts are controlled. Approach. EEG
signals were recorded across three tasks that manipulated ob-
ject eccentricity and attention conditions while participants
maintained gaze fixation. Correlation analysis and match-
mismatch decoding were performed to quantify the neural
tracking of object motion. Main results. The analysis sup-
ports three conclusions: (1) neural tracking of object motion
in natural videos works under gaze fixation; (2) the strength
of neural tracking under gaze fixation is predictive of atten-
tion; and (3) there exists a significant eccentricity confound in
the EEG responses, with poorer neural tracking of motion at
larger eccentricities. Significance. These results provide criti-
cal evidence that findings from previous free-viewing studies
reflect genuine neural processing rather than mere oculomo-
tor artifacts. However, the identified eccentricity effect high-
lights a major limitation for current decoding approaches that
assume coupling strength reflects attention levels alone.

Index Terms— visual attention decoding, EEG, neural
tracking, gaze fixation, eccentricity confound
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1. INTRODUCTION

Neural activity is modulated by attention: neurons processing
task-relevant information exhibit increased firing rates and re-
duced variability, while those processing irrelevant informa-
tion are suppressed [1]. Therefore, stronger neural responses
are expected with attended stimuli, leading to stronger tem-
poral coupling between stimulus and neural activity. This
modulation has been observed not only with simple synthetic
stimuli but also with naturalistic speech, images, and videos
[2, 13, 14, 15]. These findings form the foundation for numer-
ous studies aiming to decode visual or auditory attention from
brain signals [6 [7, 8], where stronger stimulus-response cou-
pling is typically interpreted as evidence of higher attention
levels towards the stimulus.

However, attention is not the only factor that influences
stimulus-brain coupling strength. When using naturalis-
tic stimuli, various confounding factors can modulate this
coupling. For example, Li et al. [9] reconstructed speech
envelopes from electroencephalography (EEG) signals and
used the correlation between reconstructed and actual en-
velopes as a metric for auditory attention. While this score
was higher when participants were attentive and lower during
distraction, it also correlated with the time-varying standard
deviation of the speech envelope, suggesting that the score
was also sensitive to stimulus dynamics rather than attention
alone. When this confound was not addressed, decoding per-
formance deteriorated. This exemplifies that stimulus-brain
coupling is not a pure measure of top-down goal-directed at-
tention, but is also dependent on bottom-up sensory stimulus
properties [10, [11]. Moreover, such bottom-up influences
may not cancel out in complex naturalistic conditions and
could systematically bias decoding results in real-world ap-
plications.

These concerns extend naturally to newly emerging EEG-
based visual attention decoding paradigms with potential ap-



plications in education, neuromarketing, and clinical diagnos-
tics [4) 5. 16]. We hypothesize that the spatial location of vi-
sual objects relative to gaze position (i.e., eccentricity, calcu-
lated from the center of the object’s bounding box) could be
a potential confound: a higher stimulus-brain coupling may
not necessarily indicate higher attention, but could also result
from the object being located at a more central location in the
visual field. This is motivated by the well-established nonuni-
formity of visual processing, with maximal visual acuity and
pattern recognition capabilities at the fovea and a rapid de-
cline toward the periphery [12l[13]]. A direct link between ec-
centricity and neural responses has been demonstrated previ-
ously. For instance, in a functional magnetic resonance imag-
ing study by Wang et al. [14]], participants were presented
with images of different categories (faces, houses, etc.) at
different eccentricity positions. They reported that the neural
activation was most intense when stimuli were in the central
visual field, and the magnitude of responses declined as ec-
centricity increased.

Beyond these stimulus-dependent effects, eye move-
ments present another persistent confound in free-viewing
paradigms. Under natural conditions, attention is typically
accompanied by overt behavior such as directing gaze toward
the attended object, which is known as overt attention. This
is particularly relevant for paradigms relying on the motion
information in naturalistic videos, as eye movements (sac-
cades and smooth pursuit) are naturally evoked by the move-
ments in the videos, and thus may strongly correlate with the
video motion features. These eye movements can influence
stimulus-EEG correlations through several mechanisms: (1)
(residual) electrooculogram (EOG) artifacts in the EEG sig-
nals, (2) neural motor activity associated with the planning
and execution of eye movements, and (3) neural responses
to gaze-induced visual motion, akin to a moving-camera ef-
fect where the eyes serve as the camera. This ambiguity
undermines findings from prior studies that reported signif-
icant neural tracking of video motion under free-viewing
conditions [4, |5], since it remains unclear to what extent
these effects reflect genuine neural processing of motion in-
formation rather than oculomotor contributions. In [6], eye
gaze data were explicitly shown to be correlated with video
motion features, and using gaze data alone could achieve
comparable attention decoding performance to EEG-based
decoders, which again raises concerns about the neural origin
of the reported effects. Similarly, Ki et al. [15] showed that
the neural responses are spatially selective and are enhanced
for task-related locations, but since their paradigm relied on
overt attention, doubts remain as to whether the reported en-
hancement was simply an artifact of eye gaze bias toward
task-relevant locations, rather than a genuine neural correlate
of covert attentional selection.

Since disentangling genuine neural correlates of attention
from oculomotor confounds is particularly challenging under
free-viewing conditions, we follow a common strategy in cog-

nitive neuroscience: employing a covert attention paradigm.
Participants maintain fixation while attending to stimuli in
the visual periphery, thereby eliminating eye-movement con-
founds at the cost of reduced ecological validity. This con-
trolled approach allows us to rigorously test two key ques-
tions: (1) whether neural tracking of video motion persists in
the absence of eye movement contributions, and (2) how ec-
centricity of visual stimulation systematically influences neu-
ral tracking of naturalistic videos.

The remainder of this paper is organized as follows. Sec-
tion [2| describes the experimental protocol, including visual
stimuli, tasks, and data acquisition. Section [3]details prepro-
cessing and correlation analysis methods. Section [ presents
results on the effects of attention and eccentricity on single-
subject decoding performance and inter-subject correlation
(ISC). Section [3] discusses the implications of our findings.
Finally, Section [6] concludes the paper.

2. EXPERIMENTAL PROTOCOL

14 healthy young adults with normal or corrected-to-normal
vision participated in the study, each providing written in-
formed consent. Three visual attention tasks were designed to
investigate the effects of attention and eccentricity confounds.
This protocol was approved by the KU Leuven Social and So-
cietal Ethics Committee (Application No. G-2022-4765-R3).

2.1. Visual content

The stimuli consisted of seven single-shot natural videos
taken from the video set used in [5, |6]]. Each video featured
a person performing a stage act and was truncated to 3 min
duration with a frame rate of 30 Hz. To better control the
performer’s eccentricity relative to the gaze fixation point,
we centered the performer in each video by (1) detecting the
performer’s bounding box in each frame using a pre-trained
Mask R-CNN model [[16], (2) defining the bounding box
size as the maximum width and height across all frames, (3)
smoothing the bounding box center positions to reduce abrupt
movements, and (4) cropping the video frames based on the
smoothed centers and fixed bounding box size. The resulting
cropped videos varied in size and were resized, with aspect
ratios preserved, to a height of 540 pixels for display on a
1920 x 1080 pixel canvas with a black background. Three
tasks were designed (see Section [2.2). In Tasks 1 and 2,
each cropped video gradually shifted from the screen center
toward either the left or right side (randomly assigned) at a
constant speed of 0.1 pixels per frame, while in Task 3, the
videos remained centered (see Figure|2).

Throughout all tasks and videos, a fixation cross (60 x 60
pixels) was presented at the screen center. Its luminance
decreased and returned to normal at irregular intervals. Ad-
ditionally, a red circle (radius: 50 pixels) appeared and faded
out at random times and at random locations within each
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Fig. 1: Illustration of a frame showing the central fixation
cross and a red circle appearing at a random location in the
video.

cropped video. An example frame with a circle appearing is
shown in Figure [} These two visual events never occurred
simultaneously, and each of these fade-out events lasted 2
seconds to avoid inducing strong time-locked event-related
potentials. To keep participants engaged, they were instructed
to respond to these two different types of events in different
tasks (see Section[2.2). Each video was prefaced with instruc-
tion frames. The seven edited videos were then concatenated
into a single 21-minute (excluding instructions and ques-
tions) video per task, resulting in a total of 63 minutes of
experimental data per participant.

2.2. Tasks

Participants were instructed to maintain fixation on the central
cross throughout all tasks. In Task 1 (ignore condition), they
were instructed to ignore the video content. To discourage
attending to the video, they were also instructed to press the
“+” key with their preferred hand on a keyboard whenever the
fixation cross dimmed. In Tasks 2 and 3 (attend conditions),
participants attended to the videos while continuing to fixate.
Because object eccentricity varies in Task 2 but remains con-
stant in Task 3, the latter serves as a control to isolate the
effects of eccentricity. To maintain consistent engagement
with the video content, participants performed a secondary
vigilance task requiring them to press the “o” key with their
preferred hand whenever a subtle red circle appeared within
the video. Both the task order and the video order within each
task were randomized across participants. An illustration of
the attention and eccentricity conditions across the three tasks
is shown in Figure[2] and a summary of the tasks is provided
in Table

2.3. Data acquisition

Stimuli were presented on a 22-inch monitor (1920 x 1080,
60 Hz refresh rate). Participants sat approximately 130 cm
from the screen and were instructed to maintain a stable pos-
ture and minimize head and body movements during video

playback.

EEG data were recorded using a 64-channel BioSemi Ac-
tiveTwo system at 2048 Hz. Four electrooculogram (EOG)
electrodes were placed above/below the right eye and at the
outer canthi of both eyes. Video onset was synchronized with
EEG using a photodiode placed at the top-right corner of the
screen, which detected a black-to-white box transition at the
start of each video. This area was covered with black tape to
avoid distracting the participants.

Gaze data were recorded using the Pupil Labs NEON eye
tracker (200 Hz). A world-facing camera recorded the screen
content from the participant’s perspective. Gaze-video syn-
chronization was achieved using a QR code embedded in the
instruction frames. The time point when the QR code disap-
peared in the world-facing camera recording was marked as
video onset, and gaze timestamps were aligned to this refer-
ence point.

3. METHODS

3.1. Preprocessing

The EEG and EOG data were preprocessed using standard
techniques as in Yao et al. [S]: segmentation based on pho-
todiode synchronization signals, bad channel interpolation,
average referencing, high-pass filtering (0.5 Hz cutoff), and
notch filtering (50 Hz). The EOG data were then linearly re-
gressed out from EEG to suppress ocular artifacts. All data
were downsampled to 30 Hz with anti-aliasing to match the
video frame rate. Rather than using raw video data, we ex-
tracted the object-based optical flow, which is a feature that
quantifies the overall motion of a single objeclﬂ in the video
at each moment in time, resulting in a 1D time series with the
same length as the original video [5]. The EEG signals and
video features were centered to have zero mean per video.
Gaze coordinates, along with blink and saccade annota-
tions, were exported from the eye tracker to identify non-
fixation periods. First, gaze coordinates were clustered with
the density-based spatial clustering algorithm DBSCAN [17],
which is well suited for identifying dense fixation regions
without requiring a predefined number of clusters. The largest
cluster, corresponding to the most frequently viewed region,
was interpreted as the fixation cluster. Samples falling out-
side this cluster were classified as non-fixations, except when
blink annotations indicated that the deviation was caused by
an eye blink. Saccade annotations served as a secondary
check for non-fixation samples identified by DBSCAN. Any
sample annotated as a saccade was categorized as a non-
fixation, overriding its cluster assignment. An example of
the gaze samples and the resulting fixation cluster for a rep-
resentative participant in Task 1 is shown in Figure |3 The
mean and standard deviation of the proportion of detected

The videos in our experiment only contain one object, namely the human
performer.
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Fig. 2: Illustration of the three experimental tasks. In Task 1, participants ignored the videos while fixating centrally as the
videos moved to the periphery. In Task 2, they attended to the videos while fixating centrally as the videos moved to the
periphery. In Task 3, they attended to the videos while fixating centrally with the videos remaining in the center. Note that the
foreground video does not always have a black or dark background as shown in this example.

gaze shifts across participants and videos for each task are
summarized in Table
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Fig. 3: Illustration of non-fixation detection for a representa-
tive participant (subject 4) during a video in Task 1. Dots in-
dicate gaze positions with colors representing fixations (red),
eye blinks (blue), and non-fixations (gray).

From Table[2] we conclude that the overall percentage of
non-fixation samples is low, with Task 2 exhibiting a slightly
higher proportion of gaze shifts. This increase may be at-

tributable to the greater difficulty of maintaining central fixa-
tion when the attended object moves toward the periphery.

3.2. Correlation analysis

Two types of correlation analyses were performed: (1)
stimulus-response correlation between EEG and video stimuli
within each individual participant using canonical correlation
analysis (CCA) [5], and (2) inter-subject correlation of EEG
responses across participants using correlated component
analysis (CorrCA) [18]. For completeness, we briefly sum-
marize both methods here.

Denote the EEG signals as X € RT*P= and video stim-
uli as Y € RT*Dy where T is the number of samples, D,
is the number of EEG channels, and D,, is the dimension of
the video features. In our case D, = 64 as we collected
64-channel EEG, and D, = 1 as we used the 1-dimensional
object-based optical flow feature. However, these dimensions
were expanded by adding time-lagged copies of the signals,
enabling a data-driven temporal alignment between the two
modalities and realizing a data-driven finite impulse response
filtering that suppresses irrelevant frequency bands. Specifi-



Table 1: Summary of experimental tasks

Task Attention Eccentricity

Gaze Response trigger Response

Task 1 Ignore Central to peripheral
Task2  Attend  Central to peripheral
Task3  Attend Central

Fixed Fixation cross dimming Press “+” key
Fixed Red circle appearance  Press “o0” key
Fixed Red circle appearance  Press “0” key

Table 2: Gaze shift statistics across participants and videos
per task.

Percentage of detected
gaze shift samples

Task Mean (%)  Std (%)
Task 1 (ignore, eccentric) 3.7 3.3
Task 2 (attend, eccentric) 59 5.6
Task 3 (attend, central) 3.6 3.5

cally, including L, — 1 time lags for an EEG sample x(t) =
[z1(t),...,zp, (t)] € R1*P= yields the extended vector:
i(t) = [l‘l(t)vxl(t - 1)) B ,iEl(t - Lx + 1)7 -+ ID (t)7

.I'Dz(t — 1)7 cee ,acDI(t — L, + 1)] e R\¥Pala
ey
Similarly, the video features were extended with L, — 1 time
lags. We also included offsets to account for latencies be-
tween the EEG and the stimulus signal:

X(t) = [v1(t+ Ay)s 21 (t — 14+ Ag), ..o,
21t —Ly+1+A),...,zp, (t+Ay),

zp,(t—14+A,),...,2p (t — L, + 14+ A,)],

@)
where A, is the offset for EEG that can take positive or neg-
ative integer values. The inclusion of these fixed offsets is
particularly useful to compensate for a delay in the neural re-
sponse to the video while avoiding the introduction of a large
number of time lags, which would unnecessarily expand the
dimension of X and Y. A similar operation was applied to
video features with offset A,. After this extension, the di-
mensions of X and Y became T' X DL, and T' x DL,
respectively.

Recall that the signals were centered to have zero mean.
The CCA model finds linear maps w, and w, such that the
correlation between the transformed signals is maximized
[19]:

maximize w,X'Yw,

Wy, Wy
subjectto  w, X" Xw, =1, 3
w,Y'Yw, = 1.

The optimized w, and w, are the first canonical compo-
nents, yielding the first canonical directions Xw,, and Yw,,.
A higher correlation between these canonical directions indi-
cates stronger neural tracking of the video features.

Higher-order components can be obtained by solving the
same optimization problem with an additional constraint that
these higher-order canonical directions are orthogonal to all
previous canonical directions. Aggregating canonical com-
ponents from first to K-th order as W, € RP=L«xK W, ¢
RPvLyxK the solution can be obtained by solving a general-
ized eigenvalue decomposition (GEVD) problem:

R,.R, R,,W, =R,,W A,

x

where R, = XY, Ry, = Y'X, R, = XX, Ry, =
Y'Y, and A is a diagonal matrix with eigenvalues in de-
scending order.

CorrCA extends CCA to a group-level analysis, enabling
the extraction of common neural components from the EEG
data of multiple (more than two) participants. Since the
EEG signals of all participants are time-locked on the same
videos, these common components are expected to be neural
responses to these videos [18]. Using subscript n to denote
the subject index, EEG signals from different subjects are
denoted as X,,, where n = 1,..., N. CorrCA finds a share
spatial filter W that maximizes the approximate average
pairwise correlations between all subject pairs:

N N
ma)%mize Z Z Tr (W.R;;W,)
° i=1,i#j j=1
N )
subject to Z WiR;;W, =1,
i=1

where Tr () denotes the trace, W, contains the first X canon-
ical components, and R;; = X7X is the cross-covariance
matrix between participants ¢ and j. This optimization prob-
lem can also be solved via a GEVD:

N N N
> 3 Ry | W, = (Z R“—) WA. (6)
i=1 j=1 i=1

The eigenvalues in A are in descending order. Inter-subject
correlation (ISC) for the k-th component is defined as the av-

2Qther generalizations of CCA exist, which allow using a different spatial
filter for each participant [20}21]]. We opted for CorrCA here because of the
limited dataset size, since the reduction in degrees of freedom (i.e., using the
same W for all participants) has a regularizing effect on the transformation
[211.



erage correlation between all subject pairs:
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where w j, is the k-th column of W . Higher ISC indicates
stronger neural synchronization across participants, which
has been linked to higher attention levels [18| 22]].

3.3. Parameters and evaluation

Temporal lag parameters were set according to Yao et al. [5].
For CCA, we used L, = 3 with A, = 1, capturing EEG
information from —33 ms to 33 ms around the current time
point, and L, = 15 with A, = 0, capturing video features
from approximately 500 ms of history to the current time. For
CorrCA, L, = 5 and A, = 2 were used, covering —67 ms to
67 ms.

We adopted leave-one-video-out cross-validation in all
experiments. Unless stated otherwise, training was performed
on the combined data from all three experimental tasks (54
minutes per participant: 3 tasks x 6 videos x 3 minutes).
This was an empirical decision, as aggregating data across
all tasks yielded better decoding performance than training
on individual tasks alone. A possible explanation is that even
in Task 1, where participants were instructed to ignore the
video, passive visual processing still engages the same neural
pathways, providing useful information for estimating the
spatial filters. In the stimulus-response correlation analysis,
non-fixation periods identified in Section were excluded
(along with a 0.5-second margin on either side) from testing
to strictly control for eye-movement confounds. Therefore,
the size of the test set varied across tasks and participants.
For CorrCA, all data were retained because the proportion of
non-fixation samples was small and removing non-fixation
periods would disrupt temporal alignment across participants.
Test segments were defined as 45-second windows sampled
from the test set with overlap, randomly drawn with an aver-
age interval of 2 seconds.

For CCA, instead of using raw correlation coefficients,
which are rather noisy, we performed match-mismatch (MM)
decoding to quantify stimulus-response coupling strength
[23]. Given an EEG segment, the task is to identify the cor-
responding video segment from two candidates: the correct
match and a mismatch (a segment from the same video but
different time point). The procedure applies the trained EEG
decoder w,, and video encoder w,, to compute canonical cor-
relations between the test EEG segment and both candidate
video segments. The candidate with the higher sum of the
first two canonical correlation components was selected as
the predicted match. The first two components were used be-
cause they were generally found to be significant across most
participants, and aggregating them yielded better decoding
than using only the first component. Decoding accuracy

was then calculated across all test trials. To assess whether
decoding performance was significantly above chance, we
constructed a null distribution by circularly permuting the
sequence of video segments such that the temporal alignment
between EEG and video segments was disrupted and both
MM candidates became mismatches (100 permutations per
participant). The significance bound was set at the 97.5th
percentile of this null distribution.

For CorrCA, ISC values were computed and averaged
across all test segments. Significance was assessed using
phase scrambling [24]. For each participant, the phase of
every channel’s Fourier coefficients was randomized while
preserving the amplitude spectrum, thereby disrupting tem-
poral correlations while maintaining the original power spec-
trum. ISC was then recomputed on these phase-scrambled
data (500 times per fold), and the significance threshold was
set at the 97.5th percentile of the resulting null distribution,
corresponding to a two-sided test with av = 0.05.

4. RESULTS

4.1. Effect of eccentricity on decoding performance

Tasks 1 and 2 both had videos gradually moving from cen-
ter to periphery, differing only in attention condition: partic-
ipants ignored video content in Task 1 but attended covertly
in Task 2. Comparing these two tasks reveals whether atten-
tional modulation persists when the visual objects are not cen-
trally located. Task 3 maintained videos at the center through-
out while the participants attended to the content. Comparing
Task 3 with Task 2 isolates the effect of eccentricity on de-
coding performance. MM accuracies for all three tasks are
shown in Figure ]

In Task 1, more than half of the participants (8 out of 14)
failed to achieve above-chance decoding accuracy, with a me-
dian accuracy of 0.55. Tasks 2 and 3 yielded median accu-
racies of 0.60 and 0.65, respectively, with most participants
achieving significantly above-chance performance. To evalu-
ate the distinct effects of attention and eccentricity, we con-
ducted two planned comparisons using Wilcoxon signed-rank
testsﬂ The Task 1 accuracy was significantly lower than that
of Task 2 (p = 0.034), confirming that attentional modulation
persists even when objects move away from the visual field
center. Additionally, Task 2 accuracy was significantly lower
than that of Task 3 (p = 0.034), demonstrating that shifting
the visual stimulus to peripheral locations significantly im-
pairs decoding performance even under identical attentional
conditions. This provides direct evidence that eccentricity
acts as a confounding factor in visual attention decoding.

3Because these comparisons were planned a priori to test different hy-
potheses (the effect of attentional modulation and the effect of visual eccen-
tricity), no correction for multiple comparisons was applied.
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Fig. 4: MM-decoding accuracy across three experimental
tasks on 45-second test segments. Individual participant accu-
racies are shown as colored dots, with statistical outliers cir-
cled. Box plots display median and interquartile range, with
whiskers extending to extreme values. Dashed line indicates
the significance bound for above-chance performance. As-
terisks denote significant between-task differences (Wilcoxon
signed-rank test, p < 0.05). Task 1 < Task 2 < Task 3,
demonstrating both attentional effects and eccentricity con-
founds.

4.2. Gaze fixation versus free viewing

In this section, we compared the decoding performance under
our gaze-fixation protocol with previous free-viewing stud-
ies. Using the free-viewing dataset from Yao et al. [Sﬂ
we selected only the data corresponding to the same video
stimuli used in our current study, yielding 21 minutes per
participant (for both datasets). EOG data were linearly re-
gressed out from EEG during preprocessing, as in the present
dataset. For fair comparison, only the data from Task 3 (at-
tention condition with object in the center) were used from
the current study in both training and testing to have an equal
amount of test and train data, and to remove effects of eccen-
tricity. The same leave-one-video-out cross-validation was
performed. Results are presented in Figure[5]

The gaze-fixation protocol yielded a mean accuracy of
0.62, compared to 0.68 for free viewing. To test whether this
reduction was significant, we used a Mann-Whitney U test
since the participant groups differed between the two proto-
cols. The p-value was 0.024, suggesting significant perfor-
mance loss under gaze fixation. Additionally, more partici-
pants failed to exceed the significance level under gaze fixa-
tion (4 out of 14) versus free viewing (1 out of 19). We note
that the results in Figure[5]differ from the Task 3 results shown
in Figure @ which is due to the difference in the amount of

4The original study included 20 subjects, with 19 consenting to make their
data publicly available in [25].

training data in both analyses (the results in Figure ] use 3
times more training data, as training data is aggregated across
the 3 tasks).
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Fig. 5: Comparison of MM decoding accuracy on 45-second
test segments under free-viewing (19 participants, [S,[25]]) and
gaze-fixation (14 participants) protocols. Dots represent the
accuracies of individual participants. Box plots display me-
dian and interquartile range, with whiskers extending to ex-
treme values. Dashed lines indicate significance bounds for
above-chance performance. Gaze fixation significantly re-
duced decoding accuracy compared to free viewing (Mann-
Whitney U test, p = 0.024).

4.3. Effect on group analysis

The previous sections investigated the stimulus-response cou-
pling on a per-subject basis. In this section, we performed a
group analysis based on the ISC to investigate the coherence
of the neural responses across participants, without explicitly
linking these to the stimulus signal. We computed ISCs for all
three tasks in the current protocol, excluding time points sur-
rounding visual events of the artificially added markers (fad-
ing of the fixation cross and red circle) that require key presses
to avoid potential contamination from synchronized motor ar-
tifacts. The results are shown in Figure[6] alongside the free-
viewing protocol results from [5] for comparison. The free-
viewing results were computed by randomly selecting 14 par-
ticipants (repeated 5 times) from the original dataset [, [25] to
match the current study’s participant count, as the number of
participants influences the ISC values. As in Section[4.2] only
data corresponding to the same video stimuli as in the current
gaze-fixation protocol were used, yielding 18 x 14 minutes
of training data per fold. Note that this was only one-third of
the training data available in the gaze-fixation protocol, where
data from all three tasks were aggregated for training.

The ISC pattern mirrored the decoding accuracy trends
from Section [d.1} Task 1 showed the lowest ISC (below sig-
nificance threshold), followed by Task 2, with Task 3 ex-
hibiting the highest ISC. This confirmed both attention- and
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Fig. 6: Sum of the ISCs of the first two canonical compo-
nents across experimental conditions. ISC values are com-
puted separately for each task under the gaze-fixation proto-
col and compared with the free-viewing protocol. To match
the participant count of the current study, the free-viewing
reference is generated by repeatedly drawing 14 participants
at random from the original dataset [S [25] (5 independent
draws) and computing the ISC for each draw. The shaded
region represents the standard deviation across these draws
and the square represents the mean. The vertical dashed line
marks the significance threshold.

eccentricity-related attenuation of the stimulus-evoked neu-
ral responses, reducing the ISC across participants. However,
Task 2 ISC was only marginally above significance, show-
ing a larger gap with Task 3 than with Task 1. This suggests
that eccentricity may have an even stronger impact on ISC
than attention effects. Additionally, free-viewing protocol re-
sults were substantially higher despite a smaller training data
size, which aligns with the different decoding performance
observed in Section[4.2]

5. DISCUSSION

5.1. Group analysis is more susceptible to eye movement
artifacts than stimulus-response analysis

From Figure [6] we observed that the decrease in ISC from
free-viewing to gaze-fixation protocols appeared more pro-
nounced than the corresponding decrease in decoding accu-
racy shown in Figure[5] However, note that Figure [5]displays
MM accuracy, whereas ISC is a correlation metric. To more
directly compare the effects of gaze fixation on group-level
and individual-level analyses, we plotted the distributions
of stimulus-response correlations (aggregated across partici-
pants) and ISCs in Figure[7for both the free-viewing protocol
and the gaze-fixation protocol (Task 3: attend, central). For
reference, we also included results obtained without EOG
regression under the free-viewing protocol.

For the individual stimulus-response analysis, the dis-
tributions with and without EOG regression under the free-
viewing protocol overlapped substantially. Under the gaze-
fixation protocol (with EOG regression), the distribution
shifted slightly leftward with a thinner right tail, indicat-
ing that gaze fixation reduced stimulus-response correlations
rather mildly. In contrast, the group analysis showed a much
stronger effect. After regressing out EOG, the free-viewing
ISC distribution already exhibited a pronounced leftward
shift, indicating that EOG-capturable ocular artifacts con-

[ Protocol in [5]
Protocol in [5] (w/o EOG regression)
)\ [ Task3

N
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Fig. 7: Distributions of (a) stimulus-response correlations and
(b) inter-subject correlations across participants for 45-second
segments under the free-viewing and gaze-fixation protocols.
The values represent the sum of the first two components. For
comparison, results obtained from EEG without EOG regres-
sion are also included. For the gaze-fixation condition, only
Task 3 (attend, central) is shown.

tributed substantially to ISC. Under the gaze-fixation proto-
col, ISC values decreased further and the distribution became
narrower. This additional reduction beyond EOG regression
may be attributed to neural activities such as motor signals
from saccade planning and execution that are not captured
by EOG channels but are nonetheless synchronized across
participants viewing the same dynamic content, thereby in-
flating ISC under free-viewing conditions. Together, these
results suggest that group analysis is more susceptible to
eye-movement confounds than individual stimulus-response
analysis.

One likely reason is that eye movements tend to be
synchronized across participants when viewing the same
dynamic visual stimuli, artificially inflating ISC. Stimulus-
response analysis, on the other hand, focuses on the rela-
tionship between the stimulus and each participant’s neural
response. Although eye-movement-related activity in the
EEG can also contribute to stimulus-response correlations
when using motion-based video features, its impact is less
pronounced, likely because the relationship between the
stimulus and eye movements is indirect and more difficult
to capture.



5.2. Free-viewing studies likely rely on genuine neural re-
sponses to object motion

In previous free-viewing studies that explicitly addressed eye-
movement confounds [, 6], several analyses were conducted
to demonstrate that the observed stimulus-response correla-
tions and above-chance decoding accuracies were not solely
driven by eye movement artifacts. These included regressing
out EOG signals, restricting analyses to EEG channels less
affected by eye movements, and removing data segments con-
taining saccades. Together, these approaches provide strong
evidence that EEG-based decoding of visual attention cap-
tures genuine neural responses to object motion. However,
since it was never possible to completely rule out all eye-
movement confounds in free-viewing paradigms, some un-
certainty remained.

In the present study, strict gaze fixation was imposed to di-
rectly eliminate eye-movement confounds. The fact that sig-
nificant decoding accuracy and ISC persisted under these con-
ditions provides additional support that previous free-viewing
results largely reflect genuine neural responses to object mo-
tion.

5.3. Why does gaze fixation reduce decoding accuracy
and ISC?

While gaze fixation clearly reduces decoding accuracy and
ISC, as shown in Sections [.2] and the underlying mech-
anisms remain unclear. The reduction could arise from the
loss of synchronized eye-movement information that aids
decoding and boosts ISC in free-viewing paradigms, and/or
from the increased difficulty of maintaining sustained atten-
tion when gaze is constrained. The covert attention paradigm
used here, while necessary to control for eye movement con-
founds, is less naturalistic than overt attention, where eye
movements naturally accompany and facilitate engagement.
This reduced ecological validity, combined with increased
cognitive demand, may also contribute to weaker neural re-
sponses. Indeed, most participants reported that maintaining
fixation while attending to moving objects was challenging.
However, since the ground truth of a participant’s actual
attentional state is unavailable, disentangling these two fac-
tors is impossible here. Future studies could incorporate
performance-tracked secondary tasks to objectively measure
attentional consistency.

6. CONCLUSION

This study revealed a spatial confound in EEG-based visual
attention decoding by manipulating stimulus eccentricity un-
der gaze fixation. When objects moved toward peripheral lo-
cations, lower decoding accuracies and lower ISCs were ob-
served, demonstrating that peripheral objects are more dif-
ficult to decode than central objects. This spatial confound

represents an important limitation for current attention de-
coding approaches that assume coupling strength reflects at-
tention levels alone. Comparison with free-viewing condi-
tions showed that gaze fixation reduced both decoding accu-
racy and ISC, yet both measures remained statistically signif-
icant. The latter suggests that neural tracking of video mo-
tion still exists and is predictive of attention under strict gaze
fixation, and that previous free-viewing studies also reflect
genuine neural responses to object motion and not only gaze-
induced components such as residual EOG artifacts, gaze-
related motor neural activity, or gaze shift-evoked neural re-
sponses. While our sample size (N = 14) is relatively small,
the observed attention and eccentricity effects were consistent
across both individual-level stimulus-response analysis and
group-level inter-subject correlation analysis, lending confi-
dence to the robustness of our findings.
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