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 a b s t r a c t

Code-modulated visual evoked potentials (c-VEP) have demonstrated high performance in non-invasive brain-
computer interfaces (BCIs). Recently, research has begun to consider practical aspects such as visual comfort, 
where non-binary sequences and variations in the spatial frequency of stimuli play significant roles. However, 
calibration requirements remain underexplored in performance comparisons. This study aims to analyze a multi-
variable tradeoff crucial to the practical application of c-VEP-based BCIs: decoding accuracy, decoding speed, and 
calibration time. Visual comfort is retrospectively evaluated using two pre-recorded datasets. Models were trained 
with increasing calibration cycles and tested across varying decoding times, depicting learning and decoding 
curves. The datasets comprised 32 healthy subjects, and featured different stimulus paradigms: plain non-binary 
stimuli and checkerboard-like binary stimuli with spatial frequency variations. Results showed that all conditions 
achieved over 97% grand-averaged accuracy with sufficient calibration. However, a clear tradeoff emerged 
between calibration duration and performance. Achieving 95% average accuracy within a 2 s decoding window 
required mean calibration durations of 28.7±19.0 s for binary stimuli, or 148.7±72.3 s for non-binary stimuli. 
The binary checkerboard-based condition with a spatial frequency of 1.2 c/º (C016) proved to be particularly 
effective, achieving over 95% accuracy within 2 s decoding window using only 7.3 s of calibration, and reporting 
a significant improvement in visual comfort. A minimum calibration time of 1min was considered essential 
to adequately estimate the brain response, critical in template-matching paradigms. In conclusion, achieving 
optimal c-VEP performance requires balancing calibration duration, decoding speed and accuracy, and visual 
comfort.

1.  Introduction

Brain-computer interfaces (BCIs) are defined as technologies that en-
able users to control applications or devices through their brain signals, 
typically monitored through electroencephalography (EEG) [1]. Over 
the past decades, BCIs have advanced considerably, emerging as a tech-
nology with potential applications in areas such as neurorehabilitation 
[2], alternative communication [3], and even as a novel control mecha-
nism in gaming [4]. However, despite extensive research efforts, most of 
these applications remain confined to laboratories due to performance-
related challenges, including intersubject variability, limited accuracy 
or reliability [1]. This constrained performance is intrinsically linked to 
the limitation that complex thoughts or actions cannot be directly de-
coded from EEG signals; instead, BCIs rely on detecting EEG changes 
produced by control signals, which are elicited either through mental 
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tasks (endogenous signals) or responses to external stimuli (exogenous 
signals) [1].

Efforts to transition BCIs from an orphan technology to a mature tool 
have traditionally focused on enhancing decoding accuracy, decoding 
speed, or composite metrics such as the information transfer rate (ITR). 
Regarding the latter, it is important to distinguish between the theo-
retical ITR (tITR), which excludes inter-trial pauses for cueing or rest 
from its computation, and the practical ITR (pITR), which incorporates 
these pauses to reflect realistic operational conditions of the system. 
For instance, traditional BCIs based on event-related potentials (ERP) 
have repeatedly achieved decoding accuracy of over 90% with pITRs of 
10–25bpm [5]. However, these systems are gradually being surpassed 
by more reliable control signals based on visual evoked potentials, such 
as steady-state visual evoked potentials (SSVEPs) or code-modulated vi-
sual evoked potentials (c-VEPs), which usually achieve over 90% with 
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significantly higher pITRs, usually over 30bpm [5]. SSVEP-based BCIs 
display commands that flicker at specific frequencies, achieving real-
time gaze decoding by detecting oscillatory responses in the EEG that 
align with the frequency of the command the user is looking at [1]. In 
contrast, c-VEP-BCIs based on circular shifting use commands encoded 
with shifted versions of a pseudorandom flickering code, enabling real-
time gaze decoding by detecting the difference in phase in compari-
son with a previously calibrated template [5]. Although performance 
is generally comparable between these two control signals, c-VEPs are 
less prone to interference from narrowband baseline EEG activity (e.g., 
alpha peak) and less constrained by monitor refresh rates [5,6]. Recent 
research by Shi et al. (2024) [6] even suggests that, from an information-
theoretic perspective, the maximum tITR achievable through the visual-
evoked pathway with c-VEP-based BCIs significantly surpasses that of 
SSVEP-based systems.

This scientific focus on improving decoding performance has led to 
applications achieving remarkably high accuracy and speed. Recently, 
the hybrid approach proposed by Han et al. (2023) [7], which com-
bined SSVEP, motion VEPs, and P300 potentials, reported an accuracy 
of 85.37% with a pITR of 302.83 bpm in a 216-target speller. Within 
the c-VEP field, Sun et al. (2023) [8] achieved 95.02% accuracy with a 
pITR of 183.09 bpm in a 120-target speller. Similarly, Moreno-Calderón 
et al. (2023) [4] reported a mean accuracy of 93.74% with a tITR of 
30.61 bpm in a c-VEP-based multiplayer competitive video game, while 
Gembler et al. (2020) [9] attained 94% accuracy with a tITR of 88.9 bpm 
in a dictionary-assisted 32-target speller. Furthermore, the robustness of 
c-VEP-based systems has been validated in motor-disabled populations 
as well. Verbaarschot et al. [3] achieved a mean accuracy of 79.3% 
with a pITR of 20.3 bpm in a 29-class speller tested on patients with 
amyotrophic lateral sclerosis.

After achieving reliable accuracy and speed metrics, research efforts 
transitioned toward enhancing visual comfort, as the flickering of high-
contrast stimuli based on binary codes has been reported as uncomfort-
able for some users [5]. Scientific literature consistently indicates that 
higher stimulation rates are less fatiguing [10,11], and codes that con-
centrate most of their power in high-frequency bands further improve 
visual comfort [12–14]. Another study has shown that modulated codes 
were associated with a significant decrease in user comfort [15]. Recent 
studies have also demonstrated that reducing the maximal amplitude 
depth by lowering the contrast between stimuli, or even using non-
binary codes [6,16], can enhance visual comfort without significantly 
compromising decoding accuracy. Moreover, the design of the stimuli 
has been shown to play a critical role in user convenience. For instance, 
Fernández-Rodríguez et al. (2023) [17] highlighted that higher spatial 
frequency variations in checkerboard-like stimuli increase visual com-
fort, while more recent findings by Dehais et al. (2024) [18] revealed 
that Gabor and Ricker-based textures are not only comfortable but also 
nearly imperceptible in peripheral vision compared to traditional flick-
ering stimuli when implemented within a nonoverlapping burst-code 
paradigm.

Despite these advancements, the calibration requirements for c-VEP 
BCIs have been underexplored [5]. The scientific literature has predom-
inantly focused on the trade-off between decoding accuracy and speed, 
whereas analyses of calibration duration are still scarce in the field. In 
practice, achieving high performance frequently requires multiple cali-
bration runs customized for individual users, with recalibration required 
for each new session, even for the same user [19]. Therefore, it is appro-
priate to consider that BCI performance is determined by a multifactor 
tradeoff involving (1) decoding accuracy, (2) decoding speed (i.e., the 
time required to select a command), (3) calibration time, or even (4) 
visual comfort, among other potential factors.

Several studies have sought to reduce or eliminate calibration in 
c-VEP-based BCIs. For example, Miao et al. (2024) [20] applied a 
cross-subject transfer learning approach, successfully reducing calibra-
tion time to as little as 1min while maintaining high decoding perfor-
mance (99% accuracy at a pITR of 250bpm). Zheng et al. (2024) [21]

developed a calibration-free system using narrow-band random se-
quences (NBRS), achieving 87.48% accuracy with a pITR of 57.48 bpm. 
Stawicki et al. (2022) [22] explored the use of multi-session data for 
calibration, demonstrating that 336 s of data collected over multiple 
days were necessary to reach 90% accuracy. Their findings also high-
lighted the potential of session-to-session transfer learning to signifi-
cantly reduce calibration time. Similarly, Thielen et al. (2021) [19] pro-
posed a stepwise reduction of calibration data, eventually eliminating 
the need for calibration by incorporating their “reconvolution” encod-
ing model into a semi-supervised calibration algorithm. This system 
achieved a grand-averaged online accuracy of 99.76% with a pITR of 
66.43 bpm [19]. The authors further validated this zero-training cali-
bration strategy using an unsupervised mean-difference maximization 
(UMM) method, attaining accuracy levels exceeding 94% with 10.5 s 
trials [23]. Additional unsupervised calibration algorithms have also 
been proposed by Spüler et al. (2013) [24] and Turi et al. (2020) 
[25], though these approaches rely on specific c-VEP paradigms. For 
instance, the former designed a system calibrated with only two tar-
gets [24], while the latter required prior knowledge of an n-gram 
dictionary within a speller framework [25]. As shown, these stud-
ies provide valuable insights into strategies for reducing or even 
eliminating calibration through the use of unsupervised algorithms, 
thereby enhancing session performance and even enabling the visu-
alization of learning and decoding curves across various approaches 
[19]. However, all of these studies used a binary-encoded, plain-
stimuli c-VEP paradigm, which prevents the evaluation of calibration 
requirements in alternative paradigms specifically designed to enhance
visual comfort. Furthermore, the primary objectives of these studies 
focused in proposing signal processing algorithms that minimized the 
amount of required training data, thereby reducing calibration time 
through advances in decoding. To date, the interdependencies among 
decoding accuracy, decoding speed, and calibration duration within 
c-VEP paradigms optimized for visual comfort remain insufficiently
explored.

To address this research question, the present study aims to de-
termine the calibration duration necessary to effectively control a c-
VEP-based BCI and to investigate the interplay between accuracy,
decoding speed, and calibration time. To this end, we assessed the 
impact of increasing calibration durations on performance using two 
datasets recorded under multiple conditions specifically designed to 
enhance user experience. Furthermore, we retrospectively analyze vi-
sual comfort based on these pre-recorded datasets, in order to of-
fer additional insights into the usability of the BCI systems. The sub-
jective nature of the visual comfort rating makes it impossible to 
simulate in an offline analysis; therefore, it can only be considered 
in relation to the ratings collected during the original experiments. 
The datasets involved the use of non-binary codes [16] and varia-
tions in spatial frequencies of checkerboard patterns [17], both of 
which are made publicly available for the first time as part of this
study.

2.  Subjects

To enhance the generalizability of the findings across diverse codes 
and stimulus conditions, the following datasets were used in this study: 
(1) non-binary m-sequences encoded with shades of gray [16], and (2) 
checkerboard patterns with varying spatial frequencies [17]. All BCI-
related operation was managed using open-source MEDUSA″ v2023 
(https://www.medusabci.com) applications [26]. In both of them, the 
visual stimuli were displayed on a Full HD LED monitor, with a fixed 
refresh rate at 120 Hz (XGM24F23.8′′, Keep Out Gaming, Turkey). EEG 
signals were captured using a g.USBamp device from 16 g.LADYbird ac-
tive Ag/AgCl electrodes (g.Tec, Austria) positioned at F3, Fz, F4, C3, 
Cz, C4, CPz, P3, Pz, P4, PO7, POz, PO8, Oz, I1, and I2, grounded at 
AFz and referenced to the earlobe, according to the International Sys-
tem 10-10. The selected 16-electrode montage was designed to cover 
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the parieto-occipital region, with an emphasis on maintaining spatial 
symmetry. All participants provided informed consent prior to partici-
pating in both studies. To promote reproducibility, both datasets have 
been made publicly available.
2.1.  Non-binary m-sequences database

In this dataset, a total of 16 healthy participants (aged 28.80 ± 5.02 
years, 11 males, 5 females) engaged in BCI spelling tasks using the open-
source “P-ary c-VEP Speller” application of MEDUSA″ [26], accesible 
at medusabci.com/market/pary_cvep. The c-VEP stimuli were encoded 
using non-binary m-sequences, i.e. pseudorandom codes with more than 
two distinct events (gray levels). Five 𝑝-ary m-sequences were evaluated: 
binary GF(26) with a base of 2, GF(35) with a base of 3, GF(53) with a 
base of 5, GF(72) with a base of 7, and GF(112) with a base of 11. Note 
that GF(𝑝𝑟) denotes the Galois Field containing 𝑝 elements (i.e., distinct 
levels), where 𝑟 represents the order of the primitive polynomial used to 
generate the m-sequence [16]. This procedure will be elaborated upon 
in Section 3.1. The elements were encoded by varying shades of gray; 
e.g. GF(26) was represented with black and white flashes, while GF(53) 
incorporated three equidistant gray tones in addition to black and white 
flashes, and so forth [16].

Each participant completed a single session that included a cali-
bration phase consisting of 300 cycles (repetitions of each 𝑝-ary m-
sequence), followed by an online spelling task of 32 trials (with 10 cycles 
per trial) for each condition. Fig. 1 illustrates all 𝑝-ary m-sequences, as 
well as the command layout. Online selections were made using a 4 × 4
command matrix (chance level of 6.25%), consisting of alphabetic char-
acters from A to P. For further details, refer to Martínez-Cagigal et al.
(2023) [16]. The database containing all raw EEG data is publicly avail-
able at doi.org/10.35376/10324/70945 [27].
2.2.  Checkerboard database

This dataset comprises data from 16 healthy participants (aged 
29.63 ± 4.06 years; 11 males, 5 females) who undertook BCI spelling 
tasks using a branch of the open-source “c-VEP Speller” application of 
MEDUSA″ [26], available at medusabci.com/market/cvep_speller [17]. 
In this study, c-VEP stimuli followed a binary GF(26) m-sequence of 63 
bits. It is noteworthy that this binary m-sequence is identical to the one 
used in the binary condition of the previously mentioned non-binary 
m-sequences database. The encoded events were represented through 
black-background checkerboard (BB-CB) patterns, with “1” events de-
picted by a checkerboard pattern and “0” events by a black flash. 
The conditions differed in the spatial frequency of the stimuli, i.e. the 
amount of squares within the checkerboard pattern, measured in cycles 
(pairs of squares of two alternative colors) per degree of visual angle 
(c/º). Participants were seated at a viewing distance of 60 cm from the 
screen. Eight spatial frequency conditions were tested: C001 (0 c/º), 
C002 (0.15 c/º), C004 (0.3 c/º), C008 (0.6 c/º), C016 (1.2 c/º), C032 
(2.4 c/º), C064 (4.79 c/º), and C128 (9.58 c/º) [17]. Each condition la-
bel corresponds to the quantity of individual black-and-white squares 
(e.g., C008 represents an 8 × 8 square matrix).

Each participant completed a single session consisting of a calibra-
tion phase with 240 cycles, followed by an online spelling task compris-
ing 18 trials (with 8 cycles per trial) for each spatial frequency condition. 
The stimuli presentation and command layout is depicted in Fig. 1. On-
line selections were made using a 3 × 3 command matrix (chance level 
of 11.11%). Further details can be found in Fernández-Rodríguez et al.
(2023) [17]. The database containing all raw EEG data is publicly avail-
able at doi.org/10.35376/10324/70973 [28].

3.  Methods

3.1.  The circular shifting paradigm

In both datasets, we implemented the circular shifting paradigm, 
which encodes application commands using time-delayed versions of a 

pseudorandom code, typically chosen for its low autocorrelation prop-
erties [5]. Calibration involves extracting the brain response elicited by 
the original code, mainly over the primary visual cortex, to generate a 
main template. Templates for the remaining commands are generated 
by shifting the main template according to the lag of each command. 
During online decoding, the response to a given stimulus is compared 
with these shifted templates, selecting the command associated with the 
highest correlation [5]. The lag arrangements used for each database are 
depicted in Fig. 1 [16,17].

As outlined briefly in Sections 2.1 and 2.2, we used maximal 
length sequences (m-sequences) to encode application commands. These
m-sequences are pseudorandom temporal series generated by linear 
feedback shift registers (LFSRs) and are characterized by near-optimal 
autocorrelation properties [5]. An m-sequence is defined by three key 
parameters: (1) the base 𝑝, representing the number of distinct levels 
or events (e.g., for binary m-sequences, 𝑝 = 2); (2) the order 𝑟, which 
corresponds to the number of taps in the LFSR; and (3) the arrangement 
of these taps, expressed as a polynomial with coefficients constrained 
to a Galois Field (GF) with 𝑝 elements. As previously noted, these m-
sequences are denoted using the notation GF(𝑝𝑟) [16]. In addition to sat-
isfying various mathematical constraints, the length of an m-sequence is 
precisely 𝑁 = 𝑝𝑟 − 1 bits, repeating cyclically [5,16]. Additional details 
regarding their implementation for command encoding are provided in 
Martínez-Cagigal et al. (2023) [16]. Notably, while increasing the length 
of an m-sequence expands the number of commands that can be encoded 
with it, it also extends the time required to display a complete cycle.

3.2.  Signal processing

The signal processing applied in this study is adapted from the stan-
dard “reference processing pipeline” for c-VEPs, widely recognized as 
the most commonly used approach in circular shifting-based studies and 
is well-known for its high performance capabilities [5]. We believe that 
this approach provides a solid foundation, ensuring that the results are 
as generalizable and representative as possible across diverse c-VEP im-
plementations. This processing pipeline is detailed below.

The EEG signals were pre-processed using a combination of 7-th or-
der infinite impulse response (IIR) Butterworth filters. First, a 50 Hz 
notch filter was applied to eliminate power line interference. This was 
followed by a filter bank comprising three bandpass filters between 
1–60 Hz, 12–60 Hz, and 30–60 Hz. This filter bank has been previ-
ously used in the literature to enhance the separation between sponta-
neous brain activity (e.g., alpha peaks) and responses induced by stim-
uli [16,29]. The upper cutoff frequency was set at 60 Hz, corresponding 
to the highest fundamental frequency elicited when a user fixates on a 
display operating at a 120 Hz refresh rate (equivalent to an encoding 
pattern of 101010…), without accounting for harmonics or nonlinear 
interactions. Since the m-sequences used in both datasets do not only 
exhibit transitions between 0 and 1 (or vice versa) within a single bit, 
60 Hz is considered as an upper limit in our analysis. Conversely, the 
lower cutoff of 1 Hz was chosen to consider delta and theta bands, which 
also contain information related to the stimulation (e.g., the repetitive 
presentation of these m-sequences generates low-frequency components 
and their harmonics) [16].

The calibration of this signal processing pipeline involves extracting 
three spatial filters (i.e. one for each filtered signal). As the calibration 
stage involves looking to a command encoded with repetitions of the 
original m-sequence, we obtain a pre-processed signal X ∈ ℝ𝑁𝑓 ,𝑘,𝑁𝑠 ,𝑁𝑐 , 
where 𝑁𝑓 = 3 is the number of filters in the filter bank, 𝑘 is the number 
of cycles (repetitions) of the m-sequence that have been displayed, 𝑁𝑠
is the number of samples, and 𝑁𝑐 is the number of EEG channels. For 
each filter, the concatenated response, denoted as A ∈ ℝ𝑘𝑁𝑠 ,𝑁𝑐 , is calcu-
lated by concatenating all cycles. Simultaneously, the averaged response 
across cycles, X̂𝑓 ∈ ℝ𝑁𝑠 ,𝑁𝑐 , is computed and subsequently repeated 𝑘
times to produce B ∈ ℝ𝑘𝑁𝑠 ,𝑁𝑐 , ensuring its dimensions align with those 
of A. Canonical correlation analysis (CCA) is applied to find a pair of 
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Fig. 1. Stimuli encoding in both databases. (A) Gray encoding of each m-sequence over time, depicting associated temporal shifts for each command in the non-
binary m-sequence database (shown in red) and checkerboard database (shown in blue) with respect to the original m-sequence [16]. (B) Binary patterns of the 
black-background checkerboard (BB-CB) stimulus for the eight distinct spatial frequencies assessed in the checkerboard database. All patterns (event 1) were coupled 
with a black square (event 0). The temporal flickering of these stimuli was equivalent to the GF(26) m-sequence shown in (A) [17]. (C, D) Command layouts and 
flashing stimuli for the non-binary m-sequence database using condition GF(112) (C) [16], and checkerboard database using condition C016 (D) [17].

linear projections w𝑎 ∈ ℝ𝑁𝑐 ,1 and w𝑏 ∈ ℝ𝑁𝑐 ,1 that maximize the corre-
lation between projected versions of these two signals, i.e. Aw𝑎 and 
Bw𝑏. This involves optimizing:

arg max
w𝑎 ,w𝑏

w⊤
𝑎 A

⊤Bw𝑏
√

(w⊤
𝑎 A

⊤Aw𝑎) ⋅ (w⊤
𝑏 B

⊤Bw𝑏)
. (1)

Once the solution is obtained, only the first canonical component w𝑏 is 
used afterward to project the averaged response (i.e., X̂𝑓w𝑏) and get the 
main template x̃𝑓0 ∈ ℝ𝑁𝑠 ,1. Templates for the rest of the commands x̃𝑓𝑖
are calculated by circularly shifting x̃𝑓0 according to the lag associated 
to each command 𝜃𝑖. This procedure is repeated for each filter 𝑓 , so 
we end up with 𝑁𝑓 × 𝑚 templates, where 𝑚 is the number of commands 
(i.e. 𝑚 = 16 for the non-binary database, and 𝑚 = 9 for the checkerboard 
database) [16,17].

In the test stage, the goal is to identify the command to which the 
user was paying attention, which is unknown. To achieve this, the same 
pre-processing pipeline is applied to generate Z𝑡𝑒𝑠𝑡 ∈ ℝ𝑁𝑓 ,𝑘𝑡 ,𝑁𝑠 ,𝑁𝑐 , where 

𝑘𝑡 represents the number of cycles in the test trial. For each filter, the 
signal is cycle-averaged and projected using the trained spatial filter w𝑏, 
resulting in the test response z̃𝑓 ∈ ℝ𝑁𝑠 ,1. This response is then compared 
with all template signals corresponding to that filter, yielding a vector 
ρ𝑓  that contains the Pearson correlation coefficients for each command. 
The correlations are subsequently averaged across the filter bank, and 
the command corresponding to the highest coefficient is selected, i.e. 
𝑦 = argmax𝑖

1
𝑚
∑

𝑓 ρ𝑓 .

3.3.  Evaluation of the calibration duration

To evaluate the impact of calibration duration on the system’s overall 
decoding accuracy and speed, we adopted an incremental methodology. 
For a given number of calibration cycles 𝑘, the following steps were per-
formed: (1) the model was trained with the training sets as described in 
Section 3.2, (2) the selected command was predicted for each trial for in-
creasing decoding times 𝑡𝑑 , and (3) performance metrics (accuracy and 
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Table 1 
Cycle durations of all m-sequences, along with calibration and testing intervals.

 Calibration interval (s)  Testing interval (s)
 M-seq.  Length (bits)  Cycle dur. (s)  Min.  Max. (NB)  Max. (C)  Min.  Max. (NB)  Max. (C)
𝐺𝐹 (26) 63  0.525  0.525  157.500  126.000  0.05 5.250  4.200
𝐺𝐹 (34) 80  0.667  0.667  200.000  160.000  0.05 6.667  5.333
𝐺𝐹 (53)  124  1.033  1.033  310.000  248.000  0.05  10.333  8.267
𝐺𝐹 (72) 48  0.400  0.400  120.000 96.000  0.05 4.000  3.200
𝐺𝐹 (112)  120  1.000  1.000  300.000  240.000  0.05  10.000  8.000
M-seq.: m-sequence, cycle dur.: cycle duration, C: checkerboard database [28], 
NB: non-binary m-sequences database [27].
The cycle duration was computed based on a display refresh rate of 120 Hz.
The calibration step was set equal to the cycle duration, whereas the testing step 
was consistently fixed at 50 ms.
Note that an m-sequence 𝐺𝐹 (26) was applied across all conditions within the 
checkerboard database [17].

tITR) were computed. It is important to note that predictions are made 
using windows of progressively increasing length, simulating real-time 
continuous decoding rather than waiting for the completion of each 
stimulation cycle. This approach enables decision-making even when 
the full m-sequences have not yet been fully presented. These steps were 
applied for an increasing number of calibration cycles 𝑘. The chronolog-
ical structure of the datasets is preserved consistently throughout both 
the calibration and decoding stages. Thus, the value of 𝑘 ranged from 
1 cycle up to the maximum number of cycles (300 for the non-binary 
m-sequences database and 240 for the checkerboard database) with an 
increment of 1 cycle. The value of 𝑡𝑑 began at 50 ms and increased in 
50 ms increments up to the maximum trial duration, corresponding to 
10 cycles for the non-binary m-sequences database [27], and 8 cycles 
for the checkerboard database [28]. As the duration of a cycle is de-
termined by the length of the m-sequence, the maximum durations for 
both the calibration and decoding windows are dependent on the spe-
cific experimental condition [16,17]. Detailed durations are provided in 
Table 1.

Accuracy is defined as the ratio of correct decisions to the total num-
ber of decisions. The ITR, expressed in bits per minute (bpm), was cal-
culated using the formula originally proposed by Wolpaw et al. (2002) 
[30]:

ITR = 𝑄
[

log2(𝑚) + 𝑃 log2(𝑃 ) + (1 − 𝑃 ) log2
( 1 − 𝑃
𝑚 − 1

)]

, (2)

where 𝑄 denotes the number of selections per minute, 𝑚 represents the 
number of commands, and 𝑃  is the accuracy. From this point onward, 
we mainly report tITRs that exclude inter-trial pauses for cueing or rest 
in the computation of 𝑄, as these intervals may vary in real-world appli-
cations. In some figures, the equivalent pITR is also shown, estimated 
by accounting for an inter-trial interval of 2 s (1 s for presenting the 
selected command and 1 s pause between trials), consistent with the 
configuration used during the recording of both datasets [16,17].

To determine when a pair of calibration cycles and decoding time 
(𝑘, 𝑡𝑑 ) yields an accuracy statistically equivalent to the maximum achiev-
able accuracy distribution in both datasets, we applied a two one-sided 
tests (TOST) procedure based on the Wilcoxon signed-rank test [31]. 
The maximum achievable accuracy distribution comprised the accu-
racy values for each subject at the minimal calibration value 𝑘 yielding 
the highest grand-averaged accuracy within the condition. The equiv-
alence margin was set to 𝛿 = 4%, corresponding to 5% of the range
between chance level and perfect accuracy (𝛿 = ⌊5 ⋅ (1 − 1

𝑚 )⌋). To ac-
count for multiple comparisons, 𝑝-values were adjusted using the 
Benjamini-Hochberg false discovery rate (FDR) procedure [31].

4.  Results

An independent analysis using the same experimental setup was con-
ducted to evaluate multiple latency measurements, the results of which 

Table 2 
Transmission latency measurement results.

 Mean  STD
 Top-left, 𝑡𝑡,𝑡𝑙  37.351 ms  1.938 ms
 Bottom-right, 𝑡𝑡,𝑏𝑟  42.655 ms  1.301 ms
 Estimated mid-point  40.003 ms  1.359ms
 Actual raster latency, 𝑡𝑟  5.305 ms  1.873ms

Transmission times were computed as the difference between 
the flash onset timestamps and the peak of the phototransistors 
𝑡𝑡𝑙 and 𝑡𝑏𝑟. Mid-point was estimated as (𝑡𝑡𝑙 + 𝑡𝑏𝑟)∕2 − 𝑡𝑜. STD: 
standard deviation.

are presented in Table 2. A detailed description of the methodology em-
ployed for this analysis is provided in A. Table 2 reports the transmission 
latency between black-to-white stimulus onsets, measured at (1) a pho-
totransistor located at the top-left of the screen 𝑡𝑡,𝑡𝑙, (2) a phototransistor 
located at the bottom-right of the screen 𝑡𝑡,𝑏𝑟, and (3) the estimated mid-
point of the screen; as well as the actual raster latency 𝑡𝑟. The data indi-
cate an average transmission latency of approx. 40.003 ms, and an actual 
raster latency of 5.305 ms. While average and standard deviation values 
are reported for 𝑡𝑡,𝑡𝑙 and 𝑡𝑡,𝑏𝑟, it is crucial to note that their actual distri-
butions are discrete, reflecting the chunk-based data transmission of the 
EEG equipment, i.e. 𝑡𝑡,𝑡𝑙 exhibited values of {35.156, 39.062} ms, whereas 
𝑡𝑡,𝑏𝑟 exhibited values of {39.062, 42.969, 46.875} ms. Notably, the differ-
ence between these discrete values is precisely 3.906 ms, corresponding 
to the duration of a single sample (1∕256 Hz).

Grand-averaged performance results (accuracy, tITRs) as a function 
of (1) calibration cycles (and calibration time) and (2) decoding time for 
the non-binary m-sequences and the checkerboard datasets are shown 
in Figs. 2 and 3, respectively. The contours define regions in which ac-
curacy distribution remains statistically equivalent to that of the distri-
bution producing the maximum grand-averaged accuracy for each con-
dition, while simultaneously minimizing the required calibration time. 
Detailed ranges of accuracy, tITR, and pITR associated with the respec-
tive contours are presented in the bottom-right table. Individual perfor-
mance results for each participant and condition are shown in the sup-
plementary material. The average estimated transmission latency was 
subtracted from the decoding time axis of all plots to enable fair com-
parison across different EEG equipment. For instance, a point labeled 
as 10 ms in the figures actually corresponds to EEG activity received at 
50 ms post-stimulus onset, due to the approximate 40 ms transmission 
delay. Importantly, this correction does not imply that decoding was 
performed using a 10 ms EEG window, but rather that the time axis was 
shifted to account for the latency observed.

Fig. 4 presents the grand-averaged activation patterns across filter 
banks and subjects for both datasets, computed using the maximum 
number of available calibration cycles. The temporal evolution of these 
patterns throughout the calibration process, as well as the corresponding 
activation patterns for each participant is provided in the supplementary 
material. The activation patterns were computed following the method 
proposed by Haufe et al. (2014) [32], as given by:
a𝑏 ∝ ΣBw𝑏, (3)

where ΣB ∈ ℝ𝑁𝑐 ,𝑁𝑐  denotes the covariance matrix of the averaged re-
sponse, and a𝑏 ∈ ℝ𝑁𝑐 ,1 corresponds to the activation values for each 
EEG channel [32]. Given that the sign in the context of CCA is
ambiguous (i.e., the correlation between Aw𝑎 and Bw𝑏 is equivalent 
to that between −Aw𝑎 and −Bw𝑏), we applied a sign-adjustment pro-
cedure to the weights of each spatial filter prior to averaging across 
the filter bank. That is, we enforced that the maximum absolute weight 
within each spatial filter was positive before computing the correspond-
ing activation pattern.

Fig. 5 illustrates the grand-averaged c-VEPs recorded at Oz for both 
datasets. The onset timestamp was delayed by 40.003 ms to account 
for the average estimated transmission latency in the calculation of 
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the c-VEPs. The temporal evolution of these c-VEPs with increasing
calibration duration is also depicted, along with the correlation between 
each c-VEP and the final c-VEP. This correlation serves as a visual met-
ric to assess the calibration duration required to reach a steady state 
where no significant changes in the brain response are observed. To 
mitigate large amplitude outliers, a standard deviation-based artifact re-
jection method was applied. First, the standard deviation for each chan-
nel, 𝜎 ∈ ℝ1,𝑁𝑐 , was computed across the entire calibration signal (i.e., 
considering all trials). An individual cycle was excluded if the standard 
deviation across all channels within that cycle exceeded 3𝜎 [16].

5.  Discussion

5.1.  Calibration and performance

The results clearly demonstrate that performance in terms of accu-
racy and decoding speed is influenced by the duration of the calibration 
phase. Specifically, Figs. 2 and 3 underscore the ability of all condi-
tions (binary and non-binary m-sequences, plain, and checkerboard pat-
terns) to achieve over 97% accuracy with adequate calibration. How-
ever, these performance metrics undergo substantial changes when the 
decoding and calibration durations vary. Optimizing and adapting these 
variations to individual subjects may be crucial for signal processing al-
gorithms (e.g., classifiers, early stopping, and asynchronous approaches) 
applied in practical BCI applications in communication and control.

The figures also show that accuracies statistically equivalent to the 
maximum grand-averaged accuracy for each condition can be achieved 

with relatively limited calibration. Notably, some conditions reach this 
plateau more quickly than others. For example, GF(53) attains optimal 
accuracy at 𝑡𝑑 ≃ 3 s after 60 s of calibration, whereas GF(72) requires 
100 s of calibration to reach the same performance at 𝑡𝑑 ≃ 3 s. Results 
for the binary m-sequence with classical plain stimuli were consistent 
across both datasets; however, the spatial frequency of the binary stim-
uli also played a decisive role, with the best outcomes obtained for C016 
and C032. Although the curves differ in shape, C016 achieved optimal 
accuracy with 60 s of calibration at 𝑡𝑑 ≃ 1 s, while C032 reached the 
same performance with only 30 s of calibration but required a longer 
decoding time of 𝑡𝑑 ≃ 1.6 s. Generally, it is also shown that the checker-
board dataset achieves higher performances compared to the non-binary 
m-sequences dataset. This is attributable to two primary factors: (1) de-
coding is performed with a smaller number of classes (9 commands ver-
sus 16); and (2) binary codes required less calibration to achieve com-
parable results.

Interpreting results with a high number of variables can be chal-
lenging at first glance. To assist readers, Table 3 summarizes the
calibration durations required to achieve 80%, 90%, and 95% accu-
racy for decoding durations (𝑡𝑑) of 1, 2, and 3 s. We selected these 
values heuristically to facilitate a fair and rapid comparison between 
conditions; however, readers are encouraged to focus on the statistical 
test results reported above for a rigorous interpretation. As shown, all 
conditions surpass 80% accuracy with just 1 s of decoding. Notably, 
binary codes require calibration durations ranging from 3.7 to 20.5 s, 
with C001 standing out by achieving 80% accuracy using just 3.7 s. 
Expectedly, the required calibration time decreases drastically for de-

Fig. 2. Grand-averaged accuracy (top plots) and tITR (bottom plots) as a function of the calibration time (y-axis), and decoding time (x-axis) for the non-binary m-
sequences database. Each plot represents a different stimulation m-sequence: binary GF(26), GF(34), GF(53), GF(72), and GF(112). The average estimated transmission 
latency was corrected. Only accuracies exceeding 50% are shown. The maximum accuracy and maximum tITR for each condition are reported in the upper-right 
corner of the respective plots. Black (accuracy) and white (tITR) filled contours overlaid on the plots and colorbars indicate regions where the accuracy was statistically 
equivalent to the maximum grand-averaged accuracy (𝑝-values < 0.05, TOST equivalence testing with Wilcoxon signed-rank tests, FDR corrected). The bottom-right 
table presents the ranges of accuracy, tITR, and estimated pITR within the specified regions.
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Fig. 3. Grand-averaged accuracy (top plots) and tITR (bottom plots) as a function of the calibration time (y-axis), and decoding time (x-axis) for the checkerboard 
database. Each plot represents a different spatial frequency variation: C001 (0 c/º), C002 (0.15 c/º), C004 (0.3 c/º), C008 (0.6 c/º), C016 (1.2 c/º), C032 (2.4 c/º), 
C064 (4.79 c/º), C128 (9.58 c/º). The average estimated transmission latency was corrected. Only accuracies exceeding 50% are shown. The maximum accuracy and 
maximum tITR for each condition are reported in the upper-right corner of the respective plots. Black (accuracy) and white (tITR) filled contours overlaid on the plots 
and colorbars indicate regions where the accuracy was statistically equivalent to the maximum grand-averaged accuracy (𝑝-values < 0.05, TOST equivalence testing 
with Wilcoxon signed-rank tests, FDR corrected). The bottom-right table presents the ranges of accuracy, tITR, and estimated pITR within the specified regions.

coding times of 2 or 3 s, with C001 and C032 leading by requiring only 
3.1 s of calibration. In contrast, the worst performing m-sequence was 
𝐺𝐹 (34), requiring calibration times of 82.7 s, 23.3 s, and 12.7 s for 𝑡𝑑
values of 1, 2, and 3 s, respectively. Regarding a threshold of 90% ac-
curacy, only a subset of binary conditions reached this level with 1 s of 
decoding. Remarkably, C001 maintained 90% accuracy with only 7.9 s 
of calibration, followed closely by C032 (12.1 s) and C016 (16.3 s). 
These three conditions also performed best at 𝑡𝑑 values of 2 and 3 s, 
requiring calibration durations of just 4.2–5.2 s. Finally, it is notewor-
thy that only condition C016 achieved more than 95% accuracy with 
1 s of decoding, requiring a total calibration time of 101.8 s. For de-

coding times of 2 and 3 s, C016 and C032 emerged as the best per-
forming conditions, achieving more than 95% accuracy with calibration 
times between 5.8 and 7.3 s. In contrast, 𝐺𝐹 (112) exhibited the poorest 
performance, requiring calibration times of 199–221 s to exceed 95%
accuracy.

Referring back to Figs. 2 and 3, it is important to note that increasing 
the cumulative number of calibration cycles (or calibration time) does 
not always lead to improved accuracy or speed. This could be because no 
artifact rejection was applied during the performance evaluation to en-
sure an equal number of cycles were used to train each condition. How-
ever, as observed (e.g., around a calibration time of 50 s for C064), the 

Biocybernetics and Biomedical Engineering 45 (2025) 685–696 

691 



V. Martínez-Cagigal et al.

Fig. 4. Grand-averaged activation patterns across subjects and filter banks for (A) the non-binary m-sequences database and (B) the checkerboard database. The 
activation patterns have been calculated using the maximum number of calibration cycles available in each database.

Fig. 5. Grand-averaged code-modulated visual evoked potentials (c-VEPs) at Oz across subjects for the non-binary m-sequences (A) and checkerboard (B) databases 
are shown as a function of the number of calibration cycles (𝑘) or calibration duration (𝑘𝑠) in seconds. All c-VEPs were adjusted to account for the average estimated 
transmission latency. The top panels present the grand-averaged c-VEPs computed using all available cycles, with shaded areas representing the standard deviation. 
A standard deviation-based artifact rejection method was applied to exclude large amplitude outliers. The right panels illustrate the correlation between each c-VEP 
and the final c-VEP, computed using all available calibration cycles. Thresholds where the correlation exceeds 0.95 and 0.98 are indicated by dotted and dashed 
black lines, respectively.
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Table 3 
Calibration time needed to achieve a specific average accuracy for decoding durations of 1, 2, and 3 seconds.

 Accuracy > 80%  Accuracy > 90%  Accuracy > 95%
Comfort∗

 Condition
𝑡𝑑  1 s  2 s  3 s  1 s  2 s  3 s  1 s  2 s  3 s

 GF(26)  12.1 s  4.7 s  3.7 s  150.2 s  19.4 s  8.4 s  n.a.  41.5 s  34.6 s  6.7 ± 1.7
 GF(34)  82.7 s  23.3 s  12.7 s  n.a.  84.0 s  53.3 s  n.a.  n.a.  160.7 s  7.2 ± 1.7
 GF(53)  36.2 s  9.3 s  7.2 s  n.a.  22.7 s  14.5 s  n.a.  n.a.  23.8 s  7.4 ± 1.8‡
 GF(72)  21.6 s  5.2 s  4.0 s  n.a.  28.4 s  17.6 s  n.a.  76.4 s  70.4 s  8.6 ± 2.1†,‡
 GF(112)  40.0 s  12.0 s  8.0 s  n.a.  40.0 s  33.0 s  n.a.  221.0 s  199.0 s  8.6 ± 1.8†,‡
 C001 (0 c/º)  3.7 s  3.1 s  3.1 s  7.9 s  5.2 s  4.2 s  n.a.  11.0 s  7.3 s  6.7 ± 2.6
 C002 (0.15 c/º)  15.8 s  7.3 s  5.8 s  n.a.  13.7 s  8.9 s  n.a.  66.7 s  13.7 s  6.9 ± 1.8
 C004 (0.3 c/º)  16.8 s  7.3 s  6.8 s  115.0 s  13.1 s  8.4 s  n.a.  33.6 s  15.2 s  7.4 ± 1.5
 C008 (0.6 c/º)  12.1 s  5.8 s  5.8 s  70.9 s  10.0 s  8.4 s  n.a.  15.2 s  10.5 s  7.8 ± 1.5
 C016 (1.2 c/º)  6.8 s  4.2 s  3.7 s  16.3 s  4.7 s  4.7 s  101.8 s  7.3 s  5.8 s  8.0 ± 1.3†
 C032 (2.4 c/º)  5.2 s  3.1 s  3.1 s  12.1 s  5.2 s  4.2 s  n.a.  7.9 s  6.3 s  7.6 ± 2.0
 C064 (4.79 c/º)  19.9 s  6.8 s  6.3 s  n.a.  10.5 s  8.4 s  n.a.  32.0 s  10.0 s  7.6 ± 1.9
 C128 (9.58 c/º)  20.5 s  6.8 s  6.8 s  n.a.  17.9 s  13.7 s  n.a.  43.0 s  32.0 s  7.8 ± 1.9

All calibration times are reported in seconds; ‘n.a.’ indicates that the specified accuracy was not achieved for the given 
decoding time, and 𝑡𝑑 represents the decoding time in seconds. ∗ Grand-averaged visual comfort and standard deviation, 
derived from the values obtained through qualitative questionnaires from the original datasets. The results from both 
databases [16,17] were normalized against the common plain binary stimuli (i.e., GF(26) and C001) to ensure a fair 
comparison. Results for the non-binary m-sequences database were extracted from the online 120 Hz condition. Sta-
tistically significant improvements in visual comfort between each condition and the common plain binary stimuli are 
denoted by † at 60 Hz and by ‡ at 120 Hz. These results were derived from the original publications [16,17], in which 
Wilcoxon signed-rank tests were applied and the resulting 𝑝-values were subsequently corrected for false discovery rate 
using the Benjamini-Hochberg procedure.

inclusion of noisy cycles in the calibration stage could impede achieving 
the optimal performance plateau. This phenomenon is more evident in 
the individualized plots provided in the supplementary material. Simple 
artifact rejection algorithms, such as those based on standard deviation 
[16], could effectively mitigate this issue.

The ITR serves as a comprehensive metric that combines decoding 
accuracy, decoding speed, and the number of commands into a single 
value. While this unified measure facilitates the comparison of different 
BCI systems, Figs. 2 and 3 demonstrate that higher tITRs do not always 
correspond to acceptable levels of accuracy. Traditionally, the scientific 
literature has concurred that a minimum accuracy of 70% is necessary 
for a BCI system to be “controllable” [33–35]. Although this threshold 
might be considered arbitrary, it underscores the necessity for practical 
BCI applications to meet or exceed this level of accuracy. In the present 
case, due to the rapid decoding pace of c-VEP, tITRs exceeding 200bpm 
are observed even at accuracy levels below 70% (and over 400bpm for 
decoding times of 10 ms). This highlights the importance of interpret-
ing ITR results cautiously, especially in SSVEP and c-VEP-based BCIs, as 
high ITR values can sometimes mask suboptimal accuracy, which is criti-
cal for practical usability. Nevertheless, optimal accuracy was achieved 
within more moderate tITR and pITR ranges. For binary m-sequence 
conditions, tITR values ranged from approximately 40 to 170bpm and 
pITR values from 28 to 59bpm, whereas non-binary conditions were 
slower, with tITR values ranging from 22 to 117bpm and pITR values 
from 18 to 58bpm.

5.2.  Calibration and visual comfort

The previously discussed results have demonstrated a clear tradeoff 
between decoding accuracy, decoding speed, and calibration time. Addi-
tionally, the use of non-binary m-sequences and checkerboard databases 
allows for the consideration of an additional factor: visual comfort.
Table 3 also presents the grand-averaged visual comfort values derived 
from qualitative questionnaires, where a score of 0 indicates no com-
fort and a score of 10 indicates very high visual comfort. Note that vi-
sual comfort was rated independently from the perceived duration of 
each trial, for every condition and participant. This separation was in-

tended to isolate potential biases in comfort ratings that might arise 
due to variations in trial duration associated with different non-binary 
m-sequences. Indeed, a group-level t-test on the Spearman correlation 
coefficients between perceived comfort and perceived speed ratings re-
vealed no significant effect (𝑝 = .646). The complete original question-
naires used in both studies are included in the corresponding datasets. 
These encompass not only the ratings for visual comfort, but also as-
sessments of decoding speed and system usability scale (SUS) ratings 
[27,28]. For a detailed exposition of the methodological validity under-
lying these findings, readers are referred to the original publications 
[16,17]. The ratings reported in the original manuscripts describing 
both databases were mean-normalized against the common plain binary 
stimuli condition (i.e., GF(26) and C001) to facilitate a fair comparison 
[16,17]. However, it is important to interpret these inter-database com-
parisons with caution, as users only evaluated the conditions included 
in the specific study they participated in, rather than all the conditions 
presented here. It is also worth noting that, since the spatial frequency 
conditions were encoded using binary m-sequences, the interaction be-
tween spatial frequency and non-binary coding remains unexplored.

In Martínez-Cagigal et al. (2023) [16], we provided significant ev-
idence that higher m-sequence bases are associated with reduced eye-
strain perceived by users at both 60 Hz and 120 Hz presentation rates. 
Specifically, GF(72) and GF(112) were reported to be significantly less 
annoying at 120 Hz, while GF(53) also showed the same effect at 60 Hz. 
The effect of increasing perceived visual comfort as the base increases 
is clearly reflected in the results reported in Table 3, where 𝐺𝐹 (72)
and 𝐺𝐹 (112) obtained a mean visual comfort value of 8.63, followed 
by 𝐺𝐹 (53) with 7.38, 𝐺𝐹 (34) with 7.19, and 𝐺𝐹 (26) with 6.69. Al-
though no linear relationship exists between the base of the m-sequence 
and the calibration time required to achieve high accuracy, Fig. 2 and
Table 3 indicate that non-binary m-sequences generally require more 
calibration to reach comparable performance levels to binary codes. No-
tably, GF(72) and GF(53) achieved results that approach or even over-
come those of GF(26), e.g. at 𝑡𝑑 = 3s and 95% accuracy, GF(53) requires 
only 23.8 s of calibration, whereas GF(26) needs 34.6 s. For example, 
at 𝑡𝑑 = 3 s and 80% accuracy, GF(26) requires 3.7 s of calibration, fol-
lowed by GF(72) with 4.0 s and GF(53) with 7.2 s. However, the sta-
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tistical analysis of Fig. 2 indicates that GF(53) and GF(112) are highly 
promising candidates, as they simultaneously achieve near-optimal
accuracy and a substantial reduction in eyestrain [16] when the decod-
ing time is slightly extended to 𝑡𝑑 ≃ 4 s. Notably, the former requires 
only about one minute of calibration.

With regard to the checkerboard database, previous research has 
shown that increasing spatial frequency is associated with significant im-
provements in visual comfort [17]. C016 condition was recommended, 
as it was significantly more comfortable than the plain condition while 
achieving over 95% accuracy after 2.1 s of decoding time. Notably, the 
model was trained using all available calibration cycles (240 cycles, 
126 s). While our findings align with these results (95% accuracy for 
𝑡𝑑 = 1 s and 101.8 s of calibration), condition C032 also achieved com-
parable performance with reduced calibration times. For example, at 
𝑡𝑑 = 2 s, C032 required only 3.1, 5.2, and 7.9 s of calibration to achieve 
80%, 90%, and 95% accuracy, respectively, while C016 required 4.2, 
4.7, and 7.3 s. According to the results of the original study and Table 3, 
C016 provided significantly higher comfort (score of 8.00) compared 
to plain stimuli (score of 6.69) and was preferred by most participants 
[17]. The statistical analysis further reinforces these findings, suggesting 
that both C016 and C032 are excellent candidates for achieving optimal 
accuracy with only moderate calibration requirements. Given its signif-
icant advantages regarding visual comfort and the fact that it requires 
nearly the same or less calibration time than the plain stimuli condition, 
C016 remains one of the top-performing options when considering the 
multi-variable tradeoff: decoding accuracy, decoding speed, and cali-
bration time.

5.3.  Calibration and c-VEP stability

In template matching-based decoding algorithms, VEPs elicited by 
the code stimulation must be accurately estimated to train effective spa-
tial filters. Consequently, the duration of calibration is expected to influ-
ence the estimation of these c-VEPs, which in turn impacts spatial filter 
training and decoding performance. The activation patterns shown in 
Fig. 4 highlight the strong relevance of the parieto-occipital cortex, par-
ticularly over Oz and POz. These values reflect the extent to which each 
EEG channel contributes to the latent component, i.e. the c-VEP tem-
plate. Given the visual nature of the paradigm, greater weighting over 
the primary visual cortex, located in the occipital region, is expected 
[5]. This emphasis is especially prominent over Oz in the checkerboard 
database, and over POz in the 𝑝-ary m-sequences database. Although this 
spatial shift observed between the databases may seem unexpected, the 
results should be interpreted from a global perspective. Minor variations 
in spatial activation patterns may stem from non-neurological factors, 
such as differences in EEG cap placement across subjects and sessions.

As the primary activation occurs in the occipital cortex, Fig. 5 re-
veals that the stability of c-VEP estimation at Oz is effectively influenced 
by the number of observations (i.e., the number of calibration cycles). 
Assuming that the final averaged VEP, computed using the maximum 
calibration duration for each condition, serves as a reliable estimator 
of the brain response, the correlation analysis demonstrates notable
variability in the stability of the VEPs among the different condi-
tions. Correlation values of 0.95 for the non-binary and checkerboard 
databases are achieved with calibration durations of 22.35 ± 15.11 s
(ranged from 10.00 to 50.00 s) and 43.44 ± 14.34 s (ranged from 20.48
to 65.63 s), respectively. The durations required to reach a correlation 
of 0.98 increase to 58.96 ± 28.18 s (ranged from 22.05 to 108.00 s) and 
71.07 ± 19.76 s (ranged from 34.13 to 100.80 s), respectively. In general, 
the calibration duration required to achieve a stable VEP estimation 
is longer for the checkerboard database compared to the non-binary 
database. This difference may be attributed to variations in the stim-
ulation paradigm (plain versus BB-CB stimuli) or to quality-related fac-
tors in the recordings, such as electrode impedance, users’ concentration 
levels, or physical movements. However, the current analysis alone is in-
sufficient to determine whether the observed difference is attributable 

to the stimulation paradigm. A dedicated study would be required, in-
volving both paradigms tested with the same participants, within the 
same session, and with comprehensive measurement of these possible 
confounding factors. Nevertheless, this variability enhances the hetero-
geneity of the observed results, supporting their generalizability to other 
recordings and databases. Based on these findings, we can conclude that 
approximately a minimum of one minute of calibration is necessary to 
ensure a robust VEP estimation for template-matching algorithms.

5.4.  Strengths and limitations

The results have demonstrated that calibration duration is a critical 
variable that plays a key role in determining performance in BCIs, yet 
it is often underexplored in the literature, which primarily emphasizes 
accuracy and speed, or ITR. We have provided a thorough analysis of 
the interplay between calibration duration, decoding accuracy, and de-
coding speed in c-VEP-based BCIs. The inclusion of two publicly accessi-
ble datasets (focusing on non-binary m-sequences and spatial frequency 
variations in c-VEP stimuli) enabled us to incorporate an additional cru-
cial factor: visual comfort. It is important to note, however, that visual 
comfort was evaluated retrospectively using the original eyestrain rat-
ings from the two pre-recorded datasets, rather than being directly mea-
sured as a function of calibration time. Importantly, the analysis was 
not limited to performance metrics alone; we also examined the stabil-
ity of c-VEPs estimation as a function of increasing calibration times. 
Furthermore, we accounted for transmission latency by estimating the 
delay between screen stimulus onsets and signal reception in the com-
puter, where the EEG samples are timestamped. This analysis, often ne-
glected in existing research and influenced by various factors such as 
the EEG equipment used, is crucial for obtaining latency-independent 
results that can be generalized across different systems and hardware 
configurations. The findings revealed that these four variables form a 
clear tradeoff that must be carefully considered when designing practi-
cal and effective BCIs.

Despite the comprehensive nature of our analysis, several limitations 
must be acknowledged. First, we adhered to a specific signal processing 
pipeline; i.e., template matching based on a filter bank in combination 
with CCA and correlation analysis [5]. Investigating the relationship be-
tween calibration duration and system performance under alternative 
signal processing approaches, such as response modeling methods (e.g., 
reconvolution [19]), bit-wise decoding techniques (e.g., EEG-Inception 
[36]), or different spatial projection methods (e.g., task-discriminant 
component analysis [6] or Riemannian geometry [18]), may yield ad-
ditional insights. In this vein, exploring novel techniques to implement 
dynamic stopping procedures for both the calibration [37] and decoding 
[38,39] stages represents a promising next step toward fully adapting 
data requirements to individual participants. It would be also worth-
while to investigate whether the required calibration duration could 
be significantly reduced in the presence of noise or artifacts by apply-
ing artifact rejection algorithms. Although we evaluated two different 
stimulus presentations (plain stimuli and BB-CB patterns), it would be 
valuable to extend this analysis to other stimulus modalities, such as
Gabor and Ricker textures, which have recently attracted attention 
within the c-VEP BCI community [18]. The interaction between these 
stimulus modalities designed to enhance visual comfort (spatial fre-
quency and non-binary coding) was not investigated, as the BB-CB pat-
terns were encoded using binary stimuli. Developing a novel experimen-
tal paradigm that integrates non-binary encoding with spatial frequency 
variations would be another promising direction for future research. Ad-
ditionally, all participants in the datasets were healthy individuals. It 
remains to be tested whether the observed results generalize to motor-
disabled populations, who typically exhibit lower BCI performance [3]. 
Importantly, the performance analysis was conducted using a chrono-
logical and sequentially increasing approach, simulating a realistic cali-
bration process. While currently impractical due to computational cost, 
applying a cross-validation strategy to account for all possible cycle com-
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binations during calibration could potentially enhance the robustness 
of the estimations. Furthermore, although we explored a multi-variable 
tradeoff, differences between datasets may be influenced by the num-
ber of classes to be decoded (16 commands in the non-binary dataset 
versus 9 commands in the checkerboard dataset). A more detailed anal-
ysis of this variable would be valuable to quantify the extent to which 
the relationship between the number of BCI commands and the required 
calibration duration influences the results.

6.  Conclusions

In this study, we comprehensively analyzed the c-VEP performance 
considering a multi-variable tradeoff involving (1) decoding accuracy, 
(2) decoding speed, and (3) calibration time. To achieve this, we ap-
plied an incremental methodology to evaluate the impact of calibra-
tion duration across two distinct datasets, each incorporating different 
stimulation paradigms: plain non-binary stimuli and checkerboard-like 
(i.e., BB-CB) stimuli. These variations in amplitude depth and spatial 
frequency of checkerboard patterns have proved to be an effective tool 
to control visual fatigue compared to classical binary approaches. Ac-
cordingly, visual comfort was retrospectively evaluated as an additional 
fourth variable using these datasets.

Our findings demonstrate that all conditions are capable of achiev-
ing over 97% accuracy with sufficient calibration, underscoring the 
robustness of the c-VEP circular shifting paradigm. However, a clear 
tradeoff between calibration duration and performance was identified. 
Binary-coded stimuli required less calibration time compared to non-
binary stimuli to achieve similar levels of accuracy. Specifically, achiev-
ing an accuracy of over 90% within a 2 s decoding window required 
4–20 s of calibration for binary conditions and 22–84 s for non-binary 
conditions. To attain higher performance standards, such as exceed-
ing 95% accuracy within the same decoding time, calibration times 
increased to 7–67 s for binary stimuli and 76–221 s for non-binary stim-
uli. Considering visual comfort, the C016 condition emerged as par-
ticularly effective, requiring only 7.3 s of calibration to achieve these
standards.

To ensure fair comparisons across different equipment setups, trans-
mission latency was estimated and removed from the analysis. While 
high theoretical ITRs (200–400bpm) are attainable, they often mask 
suboptimal accuracy and are thus unsuitable for practical applications. 
A statistical equivalence test demonstrated that optimal accuracy was 
attained within a theoretical ITR range of 22–170bpm, corresponding 
to an estimated practical ITR of 22–59bpm. Furthermore, our analysis 
highlights the importance of a minimum 1min calibration duration to 
adequately estimate the c-VEP response, a critical factor in template-
matching algorithms.

In conclusion, achieving optimal performance in c-VEP paradigms 
necessitates a careful balance between calibration duration, real-time 
performance, and visual comfort. Our results indicate that while shorter 
calibration durations are feasible for binary-coded stimuli, non-binary 
conditions demand longer calibration times. This finding underscores 
the importance of tailoring calibration protocols to specific experimental 
and user needs.
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Appendix A.  EEG transmission latency measurement

EEG equipment typically transmits EEG samples without associated 
temporal timestamps; these timestamps are instead assigned by the re-
ceiving computer. Consequently, a transmission latency is expected be-
tween the precise moment an EEG sample is acquired and the moment 
it is time-stamped. This latency is influenced by various factors, includ-
ing the EEG equipment used, the transmission medium (e.g., wireless 
or wired), the chunk size, the sampling rate, the number of EEG chan-
nels, the computational workload of the receiving computer, and the 
synchronization accuracy of the local clock, among other potential con-
tributors.

In this study, which focuses on precise calibration and decoding 
times, it is crucial to account for transmission latency, as variations in 
the previously discussed factors across different setups can significantly 
impact the results. Consequently, we accurately measured the EEG trans-
mission latency within the specific setup used for both databases. To 
achieve this, two HW5P-1 phototransistors (Shenzhen Haiwang Sensor 
Co., Ltd.) [40] were positioned: one in the top-left corner of the screen, 
and the other one in the bottom-right corner. This arrangement was de-
signed to capture raster latencies, as pixel lines on a screen are refreshed 
sequentially from top to bottom. As a result, commands rendered at the 
bottom of the screen experience additional latency compared to those 
at the top [41].

The signals generated by the pair of phototransistors were fed into 
the EEG amplifier. On the target computer, they were transmitted via lab 
streaming layer (LSL) and acquired and processed using MEDUSA″ [26]. 
A simple Unity-based paradigm was developed, involving one-frame 
flashes (the background alternated from black to white) triggered ran-
domly at intervals of 1 to 3 seconds. For each stimulus onset, the peaks 
detected by the phototransistors, denoted as 𝑡𝑡𝑙 (top-left) and 𝑡𝑏𝑟 (bottom-
right), enabled the measurement of two key metrics: (1) the transmis-
sion time between the screen onset 𝑡𝑜 and the corresponding EEG times-
tamps, calculated as 𝑡𝑡,𝑖 = 𝑡𝑖 − 𝑡𝑜, where 𝑡𝑖 ∈ {𝑡𝑡𝑙 , 𝑡𝑏𝑟}; and (2) the actual 
raster latency between EEG samples, calculated as 𝑡𝑟 = 𝑡𝑏𝑟 − 𝑡𝑡𝑙. It is im-
portant to note that 𝑡𝑟 quantifies screen delay in the domain of EEG 
sampling, leading to discrete measurements due to the chunk-based na-
ture of EEG data acquisition. This approach contrasts with a theoret-
ical raster latency measurement, which assesses delay between screen 
onsets by directly comparing phototransistor delays without process-
ing the signals through the EEG amplifier. While the theoretical raster 
latency measurement provides valuable insight, only 𝑡𝑟 holds actual sig-
nificance in EEG-based BCIs, as it evaluates whether the latency be-
tween top-left and bottom-right measurements is sufficient to impact 
the temporal accuracy of onset time-tagging within the signal sampling
domain.

A total of 162 stimulus onsets were recorded during a separate exper-
iment, conducted independently of the participants’ evaluation. How-
ever, the same experimental setup was used; i.e., the same equipment, 
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number and order of EEG channels, monitor, and computer. The de-
veloped application, “PhotoMeasure”, has been made freely accessible 
through the MEDUSA″ App Market to enable these measurements across 
diverse experimental setups: medusabci.com/market/photomeasure/.

Appendix B.  Supplementary material

Supplementary material associated with this article can be found in 
the online version at 10.1016/j.bbe.2025.10.006
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