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ABSTRACT: Visual evoked potential (VEP)-based
brain-computer interfaces (BCIs) are a well-established
paradigm in the field, yet they remain limited by a fun-
damental usability constraint: they rely on perceptible
low-frequency flicker, which induces visual fatigue and
discomfort. To address this limitation, we previously
proposed modulating an imperceptible high-frequency
(60 Hz) carrier based on a pseudo-random binary code
sequence. The resulting imperceptible code-modulated
VEP (I-c-VEP) paradigm substantially reduces perceived
flicker compared to conventional c-VEP approaches,
while preserving key advantages over steady-state VEP
(SSVEP) systems, namely efficient target scalability and
robustness to narrowband interference.
In this study, we explore whether simple, efficient linear
decoding pipelines suffice for bit-wise I-c-VEP classifi-
cation across 16 participants. By validating our pipelines
on strictly independent, temporally held-out data, we
demonstrated that approaches based on linear ridge re-
gression and linear discriminant analysis can achieve over
97% mean trial accuracy. These findings provide a solid
foundation for efficient and high-performance real-time
implementations of the I-c-VEP paradigm.

INTRODUCTION

Brain-computer interfaces (BCIs) can establish a direct
communication pathway between the brain and external
devices, enabling vital assistance for individuals with se-
vere motor impairments by translating brain activity into
control commands [1].
BCIs using the visual evoked potential (VEP) are fa-
vored for intuitive gaze control, offering robust evoked
responses that can be reliably captured with non-invasive
electroencephalography (EEG). The two prevalent VEP-
based encoding strategies are steady-state VEP (SSVEP),
which encodes targets by triggering VEPs through flashes
at constant frequencies [2], and code-modulated VEP
(c-VEP), which encodes targets by triggering VEPs in
a pseudo-random sequence [3]. While SSVEP remains
popular, c-VEP is often favored as it encodes informa-

tion in the temporal structure of pseudo-random stimula-
tion sequences rather than narrow spectral peaks. The use
of unique sequences or circular shifts of a base sequence
facilitates efficient target scalability, while also offering
inherent robustness to narrowband interference [3].
Despite their performance, the broader adoption of
VEP-based BCIs is constrained by a fundamental usabil-
ity limitation: their reliance on high-contrast flashing as
stimulation. Commonly, a black and white low-frequency
(5–25 Hz) flicker is used to elicit robust neural responses.
However, prolonged use induces significant visual fa-
tigue, cognitive load, and discomfort [4], and the highly
visible flicker can act as a distraction that can influence
task performance [5].
To mitigate these adverse effects, one of the established
avenues has been the adoption of high-frequency SSVEP
paradigms (> 30 Hz) to reduce flicker perceptibility [4,
6]. Visual comfort generally increases with frequency un-
til the critical flicker fusion (CFF) threshold is reached, at
which point a temporally modulated light source is per-
ceived as steady [6]. Stimulation above 50–60 Hz, termed
rapid invisible frequency tagging (RIFT) [5], typically
is no longer consciously perceived. Importantly, neuro-
physiological evidence demonstrates that the visual cor-
tex continues to entrain to these frequencies even without
conscious awareness [5, 6]. However, because the am-
plitude of the evoked response decreases with increasing
stimulation frequency, the resulting signal-to-noise ratio
(SNR) deteriorates at higher frequencies [5, 6]. Conse-
quently, although RIFT offers a compelling route toward
an imperceptible BCI stimulus, its practical adoption re-
mains constrained by this fundamental SNR trade-off.
In a preceding study [7], we introduced the imper-
ceptible code-modulated VEP (I-c-VEP) paradigm, in
which a high-frequency (60 Hz) carrier used in RIFT is
amplitude-modulated (“on” and “off”) according to a pre-
defined pseudo-random code sequence. Specifically, dur-
ing the “off” state, the stimulus is displayed at a constant
mean luminance, while during the “on” state, it flickers at
60 Hz between minimum and maximum luminance, re-
ducing perceived flashing sensation as the target blends
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into a more steady, quasi-uniform gray.
This approach bridges concepts from c-VEP and SSVEP
research to address a fundamental usability limitation of
VEP-based BCIs: visual discomfort caused by percepti-
ble flicker. Although bit transitions themselves still intro-
duce perceptible artifacts, this initial implementation may
already represent one of the c-VEP BCI paradigms with
the lowest amount of perceptible flicker to date, while
preserving the key advantages of c-VEP approaches, ef-
ficient target scalability and robustness to narrowband in-
terference.
When using code-modulated stimuli, one could classify
the responses to unique events in the stimuli (i.e., bit-
level decoding) instead of directly discriminating among
multiple target classes (i.e., trial-level decoding). While
decoding at the event level through models such as ridge
regression [8] or reconvolution [9] can offer significant
flexibility in stimulus design and high data efficiency,
its adoption has been limited compared to prevalent and
highly effective trial-level decoding strategies [3].
In this study, we explore whether simple, efficient
linear bit-wise decoding pipelines suffice for the I-c-
VEP paradigm. Across 16 participants, we evaluate
ridge regression [8], shrinkage-LDA [10], block-Toeplitz
LDA [11], and Riemannian tangent space LDA [12, 13].
We hypothesize that within this selection, we can iden-
tify a pipeline that achieves high accuracy while remain-
ing data-efficient, providing a robust candidate for future
implementations.

MATERIALS AND METHODS

Participants: The study was conducted at the Brain-
Computer Interface laboratory of the Rhine-Waal Uni-
versity of Applied Sciences, in accordance with the Dec-
laration of Helsinki, following approval from the Med-
ical Faculty Ethics Committee of the Duisburg–Essen
University (24-11957-BO). The full experiment involved
20 participants and included phases related to a separate
study. Sixteen participants (9 female, 7 male, mean age
of 24.81±3.17 years) completed the full protocol within
the scheduled 1.5-hour and were therefore included in the
present analysis.

Hardware and Software: We used an Acer Nitro
XV252Q F LCD monitor (1920 × 1080 resolution) at
360 Hz refresh rate, positioned 80 cm from the partici-
pant. To ensure timing and luminance stability, verti-
cal synchronization (V-Sync) was enabled, while adap-
tive sync technologies and dynamic contrast settings were
disabled. The panel operated at a maximum brightness
with a gamma of 2.2, and with the “Overdrive” setting set
to “Normal” to avoid overshoot artifacts. Stimulus pre-
sentation was done by a Dell workstation (AMD Ryzen 9
7950X3D CPU, NVIDIA RTX 4070 Ti Super GPU).
Continuous EEG data were acquired at 1200 Hz using
a g.USBamp biosignal amplifier (Guger Technologies,
Schiedlberg, Austria). Passive Ag/AgCl sensors (Easy-
Cap GmbH, Wörthsee, Germany) were arranged in a 16-

channel montage focused on the parieto-occipital cortex,
adhering to the international 10–5 system: P7, P3, Pz, P4,
P8, PO7, PO3, POz, PO4, PO8, O1, Oz, O2, O9, Iz, and
O10. The reference and ground electrodes were placed
at Cz and AFz, respectively, and impedances were main-
tained below 5 kΩ throughout the session.

Stimulus: The I-c-VEP paradigm displayed four gray
square targets (7.08 × 7.08 cm; 250 px) at 360 Hz ar-
ranged horizontally on a black background with a
5.66 cm (200 px) spacing. Each target had a 1.23 cm
(40 px) numeric label in the center. Trials presented
two full cycles of a 31-bit m-sequence (2 × 2.583 s).
Stimulation was implemented by gating a 60 Hz car-
rier signal on and off according to the m-sequence s =
1111101100111000011010100100010 at a presentation
rate of 12 Hz (30 frames per bit; ≈ 83.33 ms). A logi-
cal bit ‘1’ encoded the active 60 Hz flicker, realized by a
square wave alternating 3 black and 3 white frames per
cycle at the native 360 Hz refresh rate. Conversely, bit
‘0’ encoded the static (off) state, displaying a mean lumi-
nance of 0.5 in linear color space (sRGB (188,188,188))
to ensure isoluminance (gray appearance) with the time-
averaged intensity of the flicker (on) state.

Experimental Protocol: The full experiment spanned
approximately ≈90 min, including 20–30 min for the
EEG setup and post-experiment procedures. For this
study, two runs were conducted at the beginning and the
end of the session to maximize their temporal distance.
The first run was used for selecting and training the de-
coding models, and the second served as a hold-out test
set. The interim period (50–60 min) was used for tasks
of a separate study. This included a first sequential tar-
get selection task (≈6 min), another training (≈5 min),
a second sequential target selection task (≈6 min), and
approximately 10 min to collect subjective rating of var-
ious c-VEP stimuli. Each run contained 40 trials, during
which participants sequentially fixated one of the four tar-
gets. A single trial comprised 5.16 s of continuous stim-
ulation. Following each trial, a 2 s gaze-shift interval
was provided to ensure participants had sufficient time
to comfortably fixate the next target.

Preprocessing: For all models, the raw continuous
EEG data ( fs_raw = 1200 Hz) were high-pass filtered at
1 Hz (second-order Butterworth) to remove baseline drift,
and notch-filtered at 50 and 100 Hz to mitigate power line
interference. To prevent aliasing prior to downsampling,
a fourth-order Butterworth low-pass filter was applied at
120 Hz (80% of the target 150 Hz Nyquist limit). The
data were then decimated by a factor of 4 to a working
sampling rate of fs = 300 Hz. Finally, 300 ms epochs
time-locked to the bit-transition onsets were extracted to
capture the corresponding VEP morphology.
While focusing on decoding approaches, we evaluate
multiple frequency bands to explore which ranges yield
better performance and to account for potential synergies
between specific pipelines and spectral filters. Three cat-
egories of frequency bands were considered: (i) broad-
band c-VEP filters (1–40 Hz, 1–65 Hz, and 1–90 Hz), (ii)
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low, medium and high frequency bands (1–15 Hz, 15–
40 Hz, and 40–90 Hz), and (iii) I-c-VEP-specific bands
(55–65 Hz, and 58–62 Hz and 10–65 Hz, 20–65 Hz). The
latter bands were intended to include the 60 Hz carrier as
well as the broadband c-VEP response. The exclusion
of the alpha band was motivated by the hypothesis that
the perceptually subtle I-c-VEP stimulus may provide a
lower visual drive than traditional flicker; consequently,
endogenous alpha activity might be less suppressed. All
filters were applied causally (forward-pass only) via cas-
caded second-order sections (SOS).
For spatial filtering, xDAWN [14] (2, 4, or 6 components)
was applied across all LDA models to maximize the
signal-to-signal-plus-noise ratio of the evoked responses.
The ridge pipeline used canonical correlation analysis
(CCA; 2 or 4 components), a common spatial filter for
c-VEP decoding [9], to maximize correlation with class-
specific templates, as in EEG2Code [8]. To isolate the
60 Hz carrier, common spatial patterns (CSP) [15] was
evaluated alongside xDAWN to extract filters that max-
imize variance differences between classes. From the
resulting squared amplitudes, either the full time-series
or the mean power within a 210–270 ms post-transition
window (centered on the observed peak of class discrim-
inability) was extracted. Both raw and log-transformed
inputs were evaluated.

Decoding Models: Five bit-wise linear decoding mod-
els were evaluated. For each bit, a single EEG epoch
time-locked to the bit transition was extracted and lin-
early projected to a scalar output, which was subse-
quently used for bit-level decoding.
The first model, linear ridge regression (Ridge), is a
proven decoding approach for c-VEP [8]. It applies L2
regularization to mitigate overfitting, with the penalty pa-
rameter (α) optimized via cross-validation on the training
set. While inspired by the EEG2Code framework, our im-
plementation extracts the epochs with a one-bit stride to
yield exactly one prediction per bit, ensuring direct com-
parability with the other evaluated linear models.
The second, shrinkage LDA (sLDA) with Ledoit-Wolf
shrinkage regularization of the covariance matrix, sys-
tematically shrinks the empirical covariance matrix to-
ward a structured target, mitigating the ill-conditioning
inherent to high-dimensional EEG feature spaces and
limited training data [10].
The third, block-Toeplitz LDA (btLDA) assumes that the
covariance between two time points depends only on
their temporal distance rather than absolute position, and
that covariance decreases with temporal distance. This
assumption allows to regularize the covariance matrix
into a block-Toeplitz structure with drastically reduced
free parameters. Applying this temporal regularization
alongside standard shrinkage significantly improves per-
formance, particularly in limited-data scenarios [11].
Fourth, Riemannian tangent space LDA (tsLDA) was im-
plemented [12]. Standard spatial covariance estimation
discards the time-locked temporal morphology critical
for decoding VEPs. To map this temporal morphol-

ogy onto the Riemannian manifold, “super-epochs” were
constructed by concatenating the raw single-trial EEG
epochs with target-specific template responses. These
templates were generated by calculating the grand aver-
age of the time-locked training epochs for each respec-
tive class (i.e., the mean evoked responses for bit ‘0’
and bit ‘1’). Following this, spatial covariance estimation
was performed directly on the super-epochs, an approach
proven successful for the c-VEP domain [13] to effec-
tively embed the temporal phase information directly into
the spatial covariance matrix. Resulting symmetric posi-
tive definite (SPD) matrices were projected into the tan-
gent space using the Fréchet mean of the training data as a
fixed reference, enabling robust classification via sLDA.
Finally, feature-level (early) and score-level (late) fusion
strategies were assessed to integrate complementary tem-
poral, spatial, and spectral information. Early-fusion con-
catenated features extracted across a filter bank into a uni-
fied vector, which was standardized using parameters es-
timated from the training set and classified by a single
sLDA model. Late-fusion aggregated the outputs of inde-
pendently trained base models. Raw decision scores (hy-
perplane distances) from each model were z-scored using
the mean and standard deviation derived from the train-
ing set, averaged, and transformed via a logistic sigmoid
function to yield a final posterior probability. This ap-
proach effectively fuses predictions in a straightforward
way without requiring a separate meta-classifier.

Evaluation: Final pipeline configurations were se-
lected in a staged, domain-informed way to avoid exhaus-
tive permutation testing. To ensure zero data leakage,
pipeline configuration and final evaluation were strictly
decoupled. Pipelines were ranked and selected based
on 5-fold cross-validation performance on the training
run, using the normalized area under the learning curve
(nAUC; computed with a 4-trial step size) as the primary
metric to capture both accuracy and data efficiency.
The selected models from each approach were then eval-
uated once on the temporally held-out test data (sec-
ond run, recorded ≈1 h later). Learning curves were
computed using a fine-grained 1-trial step size to as-
sess performance under both rapid (≈55 s; 8 trials) and
full (≈4.75 min; 40 trials) training scenarios. Decod-
ing curves were generated per-bit (83.33 ms steps) to
track classification accuracy over the trial duration. We
report the final peak accuracy (±SD) and a “plateau
point”—defined as the earliest evaluation time not sig-
nificantly lower than the peak (one-sided Wilcoxon,
p > 0.05). Differences between models were assessed
via two-sided Wilcoxon signed-rank tests with step-
down Holm-Bonferroni correction. Finally, simulated
information transfer rate (ITR; see https://bci-lab.
hochschule-rhein-waal.de/en/itr.html) was cal-
culated to quantify system throughput.

RESULTS

The section first describes the staged selection of the
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Figure 1: Grand average offline learning curves across N = 16 participants. (A) Bit-wise (binary) classification accuracy as a
function of training trials. (B) Trial-level (4-class) decoding accuracy evaluated using the full 5.16 s trial duration. Solid lines represent
the mean performance across subjects, while the shaded regions indicate ±1 standard error of the mean (SEM). The star markers
denote the plateau point for each curve, defined statistically via a one-sided Wilcoxon signed-rank test as the earliest time point not
significantly worse (p > 0.05) than the peak accuracy.

pipelines and then reports and compares the performance
of the selected, best implementation for each pipeline. To
maintain clarity, the learning and decoding curves present
only the best configurations for each approach: the Ridge,
btLDA, tsLDA, and the Late-fusion LDA model, all eval-
uated on the held-out test set. Figure 1 illustrates the
mean bit- and trial-level accuracies as a function of train-
ing data volume, while Figure 2 depicts trial decoding
accuracies over evaluation time. Of the 62 bits compris-
ing each trial, the final 4 were excluded to prevent clas-
sification of data from the post-stimulus interval. Con-
sequently, a single 40-trial run yielded 40× 58 = 2,320
epochs, corresponding to one epoch per evaluated bit.

Optimal Models:
Time-Domain Pipeline (btLDA): First, sLDA was evalu-
ated with the broadband c-VEP and I-c-VEP-specific fre-
quency bands using xDAWN with 4 spatial components.
The broadband 20–65 Hz filter yielded the highest per-
formance (CV-nAUC: 76.0%), significantly outperform-
ing the second-best 10–65 Hz band (CV-nAUC: 74.8%;
W = 7.0, p = .001). Consequently, using the 20–65 Hz
band and xDAWN (4 components), we compared sLDA
against btLDA. The btLDA model demonstrated signif-
icantly better data efficiency, achieving a higher CV-
nAUC (76.5% vs. 76.0%; W = 22.0, p = .016). Going
forward with btLDA and xDAWN, we evaluated the num-
ber of spatial components (2, 4, and 6). Extracting 2 com-
ponents yielded the highest CV-nAUC (76.7%), though
the difference compared to 4 components was not sta-
tistically significant (p = .159). Consequently, the final
optimal btLDA model used a 20–65 Hz bandpass filter,
xDAWN extracting 2 components.
Riemannian Pipeline (tsLDA): For the tsLDA pipeline,
we utilized xDAWN with two components and evaluated
three bandpass configurations: the previously established
20–65 Hz band, a broad 1–90 Hz band, and an early-
fusion approach. The latter concatenated features from
low (1–15 Hz), mid (15–40 Hz), and high (40–90 Hz)

bands prior to classification. This Early-fusion configura-
tion significantly outperformed the 20–65 Hz band, yield-
ing a CV-nAUC of 76.9% compared to 74.3% (W = 1.0,
p < .001). Consequently, the early-fusion xDAWN im-
plementation with two components was selected as the
optimal tsLDA pipeline.
60 Hz Carrier Pipeline: To isolate the carrier (55–65 Hz),
we compared spatial filters (xDAWN vs. CSP), compo-
nent counts (2 vs. 4), and features (raw vs. log-power;
binned vs. full time-series). xDAWN significantly out-
performed CSP (W = 0.0, p < .001), and raw power
proved superior to log-transformation. Temporal binning
was used as it minimized dimensionality with negligible
(W = 66.0, p = .940) CV-nAUC loss compared using the
full time-series. Using binned raw power, 2-component
xDAWN yielded a significantly higher CV-nAUC than
4-component (64.4% vs. 64.2%;W = 18.0, p = .008).
This configuration achieved 81.4% ± 20.4% trial accu-
racy with 40 training trials.
Linear Ridge Regression (Ridge): For the ridge regres-
sion model, evaluating the number of CCA components
revealed that extracting 2 components significantly out-
performed 4 components (76.9% vs. 76.5%; W = 21.0,
p = .013).
Early and Late Fusion: The aim was to combine the
best complementary frequency bands and model archi-
tectures. In the Early-fusion approach, concatenating the
20–65 Hz band with narrowband 60 Hz features improved
upon the isolated pipelines, achieving a CV-nAUC of
77.4%. The Late-fusion approach, which aggregated
the probabilistic outputs of the best-performing btLDA,
tsLDA, and 60 Hz models, yielded the highest overall
performance (CV-nAUC: 78.9%). This configuration
significantly outperformed the next best model (tsLDA)
(W = 0.0, p < .001), establishing it as the best perform-
ing model.
Table 1 provides the mean bit-wise classification accura-
cies, nAUC scores, and trial-level accuracies (T = 40) for
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Table 1: Offline classification performance using the full 40-
trial training set. Accuracies are reported as % (±SD). Bit
nAUC is the normalized area under the bit-wise learning curve.

Model Bit Acc. Bit nAUC Trial Acc.
Ridge 77.0 ± 6.8 74.2 97.3 ± 3.0
btLDA 76.4 ± 6.1 73.6 96.9 ± 3.7
tsLDA 77.8 ± 6.5 73.9 98.4 ± 1.5
Early-fusion 77.8 ± 6.9 74.5 97.5 ± 3.7
Late-fusion 78.9 ± 6.4 75.9 98.4 ± 2.2

the models evaluated on the hold-out test set.
Learning: Notably, the Late-fusion model significantly

outperformed all other models in both bit-wise nAUC
(p < .001) and final bit accuracy (p < .002, Holm-
Bonferroni corrected). Figure 1 demonstrates that all
models achieved high trial-level accuracies given 40
training trials. While the Late-fusion model achieved the
highest final trial accuracy (98.4% ± 2.2%), it did not
differ significantly from the tsLDA (p = .353) or btLDA
(p = .096) baselines at this terminal point after multiple
comparison correction. However, the Late-fusion model
demonstrated superior data efficiency, achieving a signifi-
cantly higher trial-level nAUC than all baselines (p< .01,
Holm-Bonferroni corrected).
We defined a performance plateau as the earliest point
not significantly below peak performance (one-sided
Wilcoxon signed-rank test, p > 0.05). The Late-fusion
model converged the fastest, reaching 97.7% at just T = 9
trials. In contrast, other models required more data:
Early-fusion plateaued at T = 16 (96.1%), Ridge and
btLDA at T = 17 (96.2% and 95.8%), and tsLDA even-
tually plateauing at its peak accuracy of 98.4% at T = 19.

Decoding: When constrained to only 8 trials of train-
ing data (Figure 2A), Late-fusion achieved the highest
performance, plateauing at T = 3.42 s (96.6%) with a
final accuracy of 97.3% ± 3.5%. In this limited-data
regime, Late-fusion significantly outperformed all other
models across both decoding nAUC (p < .01) and fi-
nal accuracy (p < .05, Holm-Bonferroni corrected). Un-
der this same training constraint, the final accuracies of
the other models were lower: 95.8%± 4.6% for tsLDA,
94.2%± 6.4% for btLDA, and 93.8%± 9.9% for Early
Fusion.
With the full 40-trial training set (Figure 2B), Late-fusion
plateaued at T = 3.42 s (98.4%) with a final accuracy of
98.4%±2.2%. It maintained a higher nAUC than Ridge,
btLDA, and Early-fusion (p ≤ .001), though the differ-
ence against tsLDA was not significant (p = .052). Sim-
ilarly, Late-fusion’s final accuracy did not significantly
differ from tsLDA (p = .353) or btLDA (p = .096) after
correction (see the final column of Table 1).

DISCUSSION

In the section, we address the key findings of the staged
pipeline selection process and highlight the Late-fusion
approach, which achieved the strongest performance.
The superior performance with the 20–65 Hz band may
suggest that the subtle I-c-VEP stimulus induces a weaker

visual drive, leaving low-frequency endogenous alpha
activity less suppressed. Consistent with Riemannian
theory [12], tsLDA benefited from a broader spectrum
due to its manifold metric, which is inherently robust to
the high-variance noise that typically degrades Euclidean
classifiers.
While the 81.4% trial accuracy of the narrowband 60 Hz
classifier confirms the carrier’s discriminative value, the
superior performance of the broadband models demon-
strates that lower frequencies contain informative evoked
components, providing essential complementary fea-
tures.
The success of the Late-fusion underscores the benefits
of combining fundamentally different models. Because
individual models can provide partially orthogonal views
of the neural data, their errors are likely not fully cor-
related. Furthermore, regularization in the base models
may prevent highly confident misclassifications. Conse-
quently, when averaging them, the scores of misclassi-
fications may sometimes be suppressed by the confident
correct predictions of complementary models, especially
when aggregating multiple robust pipelines.
Regarding data efficiency, the Late-fusion model peaked
at 98.4% accuracy (40 training trials) but reached a sta-
tistical plateau at just nine trials (62.4 s training time;
97.7% accuracy), demonstrating that calibration time can
be substantially reduced. Future work should extend
this toward zero-training paradigms for maximum effi-
ciency [9].
Using all 40-trials for training, the Late-fusion model
yielded an 88.8% accuracy at the 1.17 s decoding mark.
Assuming a 1.5–1.0 s gaze-shift interval, this translates
to an offline simulated ITR of 34.0–41.9 bits/min. While
competitive for a four-target interface, the 12 Hz m-
sequence presentation rate bottlenecks the ITR, as the
long bit duration increases the minimum time required
for target discrimination. Future studies should explore
higher presentation rates to reduce the required decod-
ing time and maximize system throughput. Finally, gen-
erating and aggregating multiple predictions per bit—
similar to the decoding strategy seen in the EEG2Code
framework [8]—could further enhance classification ro-
bustness. Furthermore, as this study establishes that the
underlying code patterns remain reliably decodable, fu-
ture research should investigate various high-frequency
carriers and phase-shifting techniques to further enhance
signal decodability and system throughput.

CONCLUSION

In this study, bit-wise linear decoding strategies for
the imperceptible code-modulated visual evoked poten-
tials paradigm were selected through a staged, domain-
informed calibration process and validated on an inde-
pendent hold-out dataset recorded one hour post-training
across 16 participants. Both ridge regression and regu-
larized LDA models exceeded 97% mean trial-level ac-
curacy, with a Late-fusion model, which aggregated the
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Figure 2: Average offline decoding curves as a function of evaluation time for N = 16 participants, 4 targets. (A) Model performance
in a limited-data scenario, trained on only 8 trials (≈55 s of training). (B) Model performance trained on the full dataset (40 trials). The
star markers denote the plateau point for each curve, defined statistically via a one-sided Wilcoxon signed-rank test as the earliest time
point not significantly worse (p > .05) than the peak accuracy. The theoretical chance level is 25%.

outputs of independently trained base models, achieving
a peak accuracy of 98.4%. These results establish that
linear bit-wise decoding can provide a robust and compu-
tationally efficient foundation for high-performance, real-
time I-c-VEP brain-computer interfaces.
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