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Abstract

Background: A steady-state visual-evoked potential (SSVEP) is a brain response to visual stimuli modulated at certain
frequencies; it has been widely used in electroencephalography (EEG)-based brain–computer interface research. However,
there are few published SSVEP datasets for brain–computer interface. In this study, we obtained a new SSVEP dataset based
on measurements from 30 participants, performed on 2 days; our dataset complements existing SSVEP datasets: (i)
multi-band SSVEP datasets are provided, and all 3 possible frequency bands (low, middle, and high) were used for SSVEP
stimulation; (ii) multi-day datasets are included; and (iii) the EEG datasets include simultaneously obtained physiological
measurements, such as respiration, electrocardiography, electromyography, and head motion (accelerator). Findings: To
validate our dataset, we estimated the spectral powers and classification performance for the EEG (SSVEP) datasets and
created an example plot to visualize the physiological time-series data. Strong SSVEP responses were observed at
stimulation frequencies, and the mean classification performance of the middle frequency band was significantly higher
than the low- and high-frequency bands. Other physiological data also showed reasonable results. Conclusions: Our
multi-band, multi-day SSVEP datasets can be used to optimize stimulation frequencies because they enable simultaneous
investigation of the characteristics of the SSVEPs evoked in each of the 3 frequency bands, and solve session-to-session
(day-to-day) transfer problems by enabling investigation of the non-stationarity of SSVEPs measured on different days.
Additionally, auxiliary physiological data can be used to explore the relationship between SSVEP characteristics and
physiological conditions, providing useful information for optimizing experimental paradigms to achieve high performance.
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2 Dataset for a steady-state visual-evoked potential–based brain-computer interface

Data Description
Background and purpose

A brain–computer interface (BCI) is a non-muscular communi-
cation method that uses brain activity, such as the electroen-
cephalogram (EEG), to assist individuals with disabilities who are
unable to voluntarily control their bodies [1, 2]. Two approaches
have been used to develop EEG-based BCIs; the difference be-
tween these 2 approaches is the presence of external stimuli
[3]. Endogenous BCIs use mental imagery tasks to induce certain
brain patterns, whereas exogenous BCIs use external stimuli to
evoke certain brain patterns.

A representative endogenous BCI paradigm is motor imagery,
which is defined as the mental simulation of motor behav-
iors, e.g., left/right hand movement [4, 5]. Owing to the event-
related (de)synchronization phenomenon, different motor im-
agery tasks can be discriminated by using machine learning
techniques; the discrimination results can then be used for BCI
applications [6, 7]. To date, a large number of motor imagery
BCI datasets have been published [8–14], and they have signif-
icantly contributed to the advancement of BCI research. Other
endogenous types of BCI datasets are also available, such as slow
cortical potential, readiness potential [8], and mental arithmetic
datasets [13, 14].

There are 2 representative exogenous BCI paradigms: event-
related potentials (ERPs) and steady-state visual-evoked poten-
tials (SSVEPs). An ERP is a time-locked brain response that is
evoked in response to specific visual, auditory, and/or tactile
stimuli, whereas an SSVEP is a period brain response to a visual
stimulus modulated at a certain frequency. ERPs have mostly
been used in the development of row/column matrix spellers
[15], whereas SSVEPs have been used in the development of a
variety of BCI applications, such as robotic arm control [16], ex-
oskeletons [17], functional electrical stimulation [18], and word
spellers [19, 20]. Many ERP BCI datasets have become publicly
available since the first ERP BCI dataset was published in 2003
[8]. However, it was not until 2017 that a freely accessible SSVEP
BCI dataset was published for the first time [21]; it was followed
by the second dataset in 2019, although the SSVEP paradigm has
been widely used in BCI applications because high performance
can be achieved with minimal training [22].

Because the number of SSVEP BCI datasets is small compared
with the number of datasets based on other BCI paradigms,
it would be beneficial for BCI researchers to provide a new
SSVEP BCI dataset that can complement the existing SSVEP BCI
datasets. The first SSVEP dataset was created from the data of 35
participants who used a 40-target BCI speller; the SSVEP stimu-
lation frequencies ranged from 8 to 15.8 Hz, with a span of 0.2
Hz [21]. The second SSVEP dataset was acquired based on the
data from 54 participants who used a 4-class BCI system over
2 sessions; 5.45, 6.67, 8.57, and 12 Hz were used as stimulation
frequencies [22].

In this study, we created a new SSVEP BCI dataset that can
contribute to SSVEP-based BCI research in 3 ways. First, our
SSVEP dataset consists of 3 sub-datasets, each with a differ-
ent frequency band: low (1–12 Hz), middle (12–30 Hz), and high
(30–60 Hz). It is well documented that SSVEPs are elicited over
a wide range of frequencies, from 1 to 90 Hz [23], and that
the frequencies can be divided into 3 sub-frequency bands (i.e.,
low, middle, and high), as mentioned above [24]. The 2 pre-
vious SSVEP datasets were acquired by applying stimulation
frequencies in certain frequency bands, i.e., 8–15.8 Hz in the
low- and middle-frequency bands [21] and 5.45–12 Hz in the low-
frequency band [22]. Considering that the choice of the stimu-

lation frequency band is an important factor that significantly
affects SSVEP-based BCI performance [25], the characteristics of
the SSVEPs evoked in each of the 3 frequency bands should be
investigated in coincidence with the corresponding signal-to-
noise ratio (SNR) and classification performance. In particular,
the high-frequency band is currently receiving increasing atten-
tion as an alternative to the low- and middle-frequency bands,
despite it being associated with relatively low performance, be-
cause it results in less visual fatigue [26]. However, no SSVEP BCI
studies have provided available datasets for the high-frequency
band. Thus, it is necessary to have access to an SSVEP dataset
that includes high-frequency band data, in addition to low- and
middle-frequency band data, to investigate the aforementioned
peculiarities. Our SSVEP dataset satisfies this requirement be-
cause it includes data for each of the 3 frequency bands that
were independently acquired from the same participants. Sec-
ond, we provide a multi-session (multi-day) dataset that was
recorded over 2 different days from the same participants. Thus,
our SSVEP dataset can be used to study session-to-session trans-
fer, which is a challenging problem in BCI research [27–29]. A
multi-session SSVEP dataset was also provided in [22]; however,
it was acquired on the same day, with only a short break (i.e.,
3 min). Therefore, our dataset can offer more profound insight
into the non-stationary nature of EEG signals and thereby pro-
vide useful solutions to session-to-session (day-to-day) trans-
fer problems. Last, we provide other physiological data for the
dataset, i.e., data that have not been included in the 2 previ-
ously published SSVEP datasets [22, 23], in addition to the EEG
dataset, to evaluate changes to the physiological condition of
participants during the experiment, such as respiration, elec-
trocardiography (ECG), neck electromyography (EMG), and head
motion. The auxiliary physiological data can be used to explore
the relationships between SSVEP characteristics (e.g., SNR) and
various physiological variables, thereby providing information
that can be used to design experimental paradigms to achieve
high performance.

To create a novel SSVEP BCI dataset that is complementary
to the 2 currently available SSVEP BCI datasets, we designed a 4-
class SSVEP paradigm that is similar to that used to acquire the
second SSVEP BCI dataset [22]. Three sets of 4 stimulation fre-
quencies were used for the low-, middle-, and high-frequency
bands, respectively. The SSVEP BCI dataset was created using
data that were collected from 30 participants on 2 different days.
For data validation, we applied a standard analysis method to
our SSVEP dataset and analyzed the baseline results in consid-
eration of all of the aforementioned physiological data that were
obtained in this study.

Experimental design

Participants
A total of 30 participants (9 women and 21 men; mean [SD] age,
23.8 [1.3] years) were recruited for this study. The number of par-
ticipants was set at 30 because a sample size of 30 is sufficient to
apply parametric statistical tests for analysis of the results. Note
that parametric statistical tests provide more statistical power
than non-parametric ones and thereby ensure more reliable val-
idation of our SSVEP dataset. No participant had any history
of psychiatric disease that could have affected the research re-
sults. Seven of the 30 participants had prior BCI experience, but
they participated in endogenous BCI experiments that required
them to perform a mental arithmetic task. Thus, it was assumed
that their prior BCI experience would not significantly affect the
research results. Before the experiment, they were given the
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Figure 1: (a) Schematic diagram of the SSVEP stimulator (unit: cm). (b) Placement of the 4 stimulation frequencies for each of the 3 stimulation frequency bands (5.0,
5.5, 6.0, and 6.5 Hz for the low-frequency band; 21.0, 21.5, 22.0, and 22.5 Hz for the middle-frequency band; 40.0, 40.5, 41.0, and 41.5 Hz for the high-frequency band).

Figure 2: Electrode positions used in the experiment with respect to the (a) number and (b) position name. Note that 6 different channel sets were used for data analysis

to evaluate the impact of the number of electrodes on classification performance.

details of the experimental procedures and signed a form pro-
viding informed consent for study participation and the anony-
mous release of their data to the public. Adequate reimburse-
ment was provided for their participation after the experiment.
This study was approved by the Institutional Review Board of
Kumoh National Institute of Technology (No. 6250) and was con-
ducted in accordance with the principles of the declaration of
Helsinki.

Stimulator
The SSVEP stimulator was made of 2 square pieces of styrofoam,
a sheet of thick black paper, an opaque film, 4 LEDs, and an LED
controller. We first cut 1 of the styrofoam pieces to make 5 sec-
tions, 4 of which were 3 cm × 3 cm and purposed for the LED dis-
play; the other was 9 cm × 5.5 cm and purposed to show instruc-

tions during the experiment (Fig. 1a). After that, we inserted 4
LEDs into the 4 square holes that were punctured through the
3 cm × 3 cm sections (part No.: T03WC01; operating current: 20
mA; viewing angle: θ/2 = 100◦; luminous intensity: 2,000 mcd;
emitting color: white; Yinhui Photoelectric Technology Co. Ltd,
Shandong, China) and attached another styrofoam piece to the
back of the sectioned styrofoam. The front part of the stimulator
was covered with an opaque film to diffuse the light, and then we
attached a piece of black paper with 5 square holes, which were
exactly matched to those punctured through the front styrofoam
piece, to the opaque film for better visibility. The stimulator was
attached to a 21-inch LCD monitor (Trigem Computer Inc., Seoul,
Republic of Korea) and an instruction, i.e., on which LED the par-
ticipant should focus, was presented by means of an arrow from
the monitor through the center square hole of the 9 cm × 5.5 cm
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4 Dataset for a steady-state visual-evoked potential–based brain-computer interface

styrofoam piece. A schematic diagram of the SSVEP stimulator
is shown in Fig. 1a. The distance between each LED and instruc-
tion arrow presented at the center of the monitor was 17 cm. To
control the stimulator, we used a LAUNCHXL-F28027 Board pow-
ered by C2000 MCU (Texas Instruments, Dallas, TX 75243, US) .
The duty cycle was set at 50%, meaning that the LED had 50%
on-time and 50% off-time.

As mentioned above, 3 different frequency bands (low: 1–12
Hz, middle: 12–30 Hz, and high: 30–60 Hz [30]) were individu-
ally applied for SSVEP stimulation to obtain multi-band SSVEP
datasets in this study. Three sets of 4 stimulation frequencies
were implemented for each frequency band, as follows: 5.0, 5.5,
6.0, and 6.5 Hz for the low-frequency band; 21.0, 21.5, 22.0, and
22.5 Hz for the middle-frequency band; and 40.0, 40.5, 41.0, and
41.5 Hz for the high-frequency band. The 4 stimulation frequen-
cies for each frequency band were selected such that the har-
monic frequencies of the 4 frequencies in the low-frequency
band would not overlap with any of the 4 frequencies in the
middle- or high-frequency bands, and the harmonic frequen-
cies of the 4 frequencies in the middle-frequency band would
not overlap with the 4 frequencies in the high-frequency band.
This was done because simultaneous implementation of the
harmonic frequencies as different stimulation frequencies can
significantly decrease the performance of SSVEP-based BCI sys-
tems [31]. Additionally, the α frequency band was not consid-
ered because its use can produce a considerable number of false-
positive results [30, 32], even though using the α band for SSVEP
stimulation tends to yield a high SNR. We assigned 4 stimulation
frequencies to 4 LEDs, depending on the stimulation frequency
band, as shown in Fig. 1b.

Experimental paradigm
During the experiment, each participant sat in a comfortable
armchair that was placed 1 m from the SSVEP stimulator, which
was attached to a 21-inch monitor, and was instructed to re-
main relaxed without any movement. Note that all instructions
were presented at the center of the monitor, and the partici-
pants could view them through the center hole of the stimu-
lator. For each trial, a blank screen was presented for 5 s, and
then an arrow indicating 1 of the 4 LEDs was presented for 6 s;
during this time, the participant was asked to gaze at the target
LED, as instructed by the direction of the arrow. Subsequently, a
white plus sign was presented for 6 s to indicate a short break
before the next trial. A short beep sound was also presented with
every visual stimulus transition to explicitly capture the atten-
tion of the participants. The direction of each arrow was ran-
domly presented 20 times (20 trials) for each direction, result-
ing in a total of 80 trials; this was repeated for each frequency
band (i.e., low, middle, and high). To prevent excessive fatigue,
a minimum 5-min break was allotted to each participant after
every 40 trials (40 trials equate to 1 session); irregular breaks
were also allowed as requested by the participants during the
experiment. Each participant performed 6 sessions of the SSVEP
experiment (i.e., 2 sessions × 3 frequency bands) twice on dif-
ferent days, with an interval of ≥1 day. The order of the stim-
ulation frequency band trials was varied for counterbalancing
between participants. In particular, all possible order combina-
tions of the 3 frequency bands were as follows: low-middle-high,
low-high-middle, middle-low-high, middle-high-low, high-low-
middle, and high-middle-low. Each order combination was ran-
domly assigned to 5 participants (6 combinations × 5 partici-
pants = 30 participants), and the same order was used on both
days once it was assigned to the participant on the first day of

the experiment. The entire experiment lasted ∼2 h each day, in-
cluding the time for EEG preparation.

Data recording
The EEG signals were measured by using a BrainAmp EEG ampli-
fier (Brain products, GmbH Ltd., Gilching, Germany) with a sam-
pling rate of 1,000 Hz; the ground and reference electrodes were
respectively attached at Fpz and FCz sites (Fig. 2). We used 33 ac-
tive electrodes, which were mounted according to the Interna-
tional 10-10 system, to measure EEG signals (FP1, FP2, AF4, AF3,
F5, Fz, FC1, FC5, F6, FC2, FC6, C4, Cz, C3, CP1, CP2, CP6, P8, P4,
Pz, POz, PO4, PO8, O2, Oz, O1, PO3, P3, CP5, P7, PO7, T7, and T8);
electrodes were more densely mounted around occipital areas,
relative to other areas, because the SSVEPs mainly originated
from the occipital lobe. We did not control for changes to elec-
trode locations between the 2 days; we instead tried to maintain
the conditions of EEG measurement between the 2 days for each
participant. This is because slight changes to electrode locations
are inevitable, as it would happen with daily BCI use; thus, our
dataset can effectively address session-to-session (day-to-day)
transfer problems. Note that electrode location change between
days is an important factor in EEG non-stationarity between
days [33].

We also measured various physiological signals as the EEG
signals were measured, i.e., respiration, ECG, neck EMG, and
head motion, to investigate physiological changes. To measure
these physiological signals, we attached a respiratory belt to the
chest, 3 ECG sensors on lead-I position (Einthoven’s triangle), 2
EMG sensors on the right and left sides of the neck, and an in-
ertial measurement unit (IMU) sensor on the top of the head be-
tween Cz and CPz. The same amplifier that was used for mea-
suring EEG signals was used to record the physiological signals
at the same sampling rate of 1,000 Hz; thus, all of the measured
data were synchronized. The physiological data can be used to
investigate the relationships between changes in brain activity
and various physiological variables, as well as to develop arti-
fact correction algorithms. For example, some researchers pre-
viously simultaneously used EEG and ECG to evaluate the psy-
chological state and stress level/mental effort of participants [34,
35], whereas others used motion data to remove motion-related
artifacts from EEG data [36, 37].

Data format and structure
Because data analysis was performed using Matlab R2013b
(MathWorks, Natick, MA, USA), we provide our dataset in the
form of Matlab files (.mat). Each data folder has 2 subfolders,
each containing a subdataset corresponding to 1 of the 2
experimental days (i.e., Day 1 and Day 2). Each subfolder has cnt
and mrk files, which contain continuous time-series data for all
physiological measurements (cnt) and the corresponding data
with the trigger information (mrk), respectively. The cnt and
mrk files have suffixes corresponding to 3 frequency bands and
session numbers. For example, cnt Low(1) denotes time-series
data that were obtained by using the low-frequency band for
SSVEP stimulation in the first session. Thus, the subfolder
for each participant contains the following 6 pairs of cnt and
mrk files: cnt Low(1), mrk Low(1), cnt Low(2), mrk Low(2),
cnt Middle(1), mrk Middle(1), cnt Middle(2), mrk Middle(2),
cnt High(1), mrk High(1), cnt High(2), and mrk High (2). All
data were down-sampled to 200 Hz when the raw data were
converted to Matlab-compatible files. Table 1 lists all of the data
files provided for each subfolder.

Each data folder for each participant has 2 subfolders that
contain 2 subdatasets that correspond to measurements taken
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Table 1: Data format

Frequency band Stimulation frequency (Hz) Data format (∗.mat)

Low 5.0 cnt Low(1), cnt Low(2)mrk Low(1), mrk Low(2)
5.5
6.0
6.5

Middle 21.0 cnt Middle(1), cnt Middle(2)mrk Middle(1), mrk Middle(2)
21.5
22.0
22.5

High 40.0 cnt High(1), cnt High(2)mrk High(1), mrk High(2)
40.5
41.0
41.5

Table 2: Two sets of questionnaires answered before and after the experiment

No. Questionnaire Answer

Before Experiment

A1 Sex Male = 1; Female = 2
A2 Age group 10s = 1; 20s = 2; 30s = 3; ≥40s = 4
A3 Job Middle/high school student = 1; Undergraduate = 2;

Postgraduate = 3; Others = 4
A4 Sleeping hours Less than 5 h = 1; 6 h = 2; 7 h = 3; 8 h = 4; ≥9 h = 5
A5 Alcohol

consumption
No = 1; Yes = 2

A6 Overall body
condition

(Good) 1 2 3 4 5 6 7 8 9 10 (Bad)

A7 Medication use No = 1; Yes = 2
After Experiment

B1 Drowsiness (Good) 1 2 3 4 5 6 7 8 9 10 (Bad)
B2 Concentration (Bad) 1 2 3 4 5 6 7 8 9 10 (Good)
B3 Eye strain (Good) 1 2 3 4 5 6 7 8 9 10 (Bad)

on 2 different days, and each subfolder has 6 pairs of cnt and
mrk files (shown below) that have been labeled according to the
stimulation frequency band and session number.

Questionnaire
We asked participants to fill out 2 different questionnaires be-
fore and after the experiment. Table 2 presents 2 sets of ques-
tionnaires. Seven (A1– A7) and 3 (B1–B3) questions were asked
before the experiment to record the demographics and initial
physical condition of the participant, and after the experiment
to check the physical condition of the participant (i.e., the level
of drowsiness, concentration, and eye strain), respectively. The
answers to the questionnaires have been provided in a supple-
mentary file (questionnaires answers.xlsx). Note that, because
all participants were university students in their twenties who
did not take any medication or drink alcohol 24 h before the ex-
periment, we did not include the related information (i.e., A2:
Age Group, A5: Drinking Alcohol, and A7: Medicine) in the sup-
plementary file.

Data Validation
Methods

Because our main concern was the EEG dataset measured during
the SSVEP experiment, we provide detailed results of analysis

for the EEG dataset, and example time-series data for the other
physiological datasets.

The EEG data were first band-pass–filtered with different cut-
off frequencies according to the stimulation frequency band, as
follows: 3–9, 18–24, and 38–44 Hz for the low-, middle-, and high-
frequency bands, respectively. From the band-pass–filtered data,
we extracted 6-s epochs that were measured while the partici-
pants were focusing on each of the target LEDs, and used them
for further analysis. To visualize the SSVEP responses, spectral
powers were estimated for each channel by applying a moving-
window technique (2.5-s window size with 90% overlap). The
SSVEP SNR was also calculated by dividing the SSVEP amplitude
at the stimulation frequency by the mean spectral amplitude of 6
adjacent frequencies to demonstrate the reliability of our SSVEP
dataset [38].

SNR = n × y ( f )
∑n/2

k=1 [y( f + 0.5 × k) + y( f − 0.5 × k)]
, (1)

where n is the number of adjacent points (6 in this study), y is the
spectral amplitude, and f is the stimulation frequency. Canonical
correlation analysis, which is the most widely used method for
classifying SSVEP data, was used for 4-class classification [39].

Each of the 5 types of physiological data was linearly de-
trended to remove baseline drift. The respiratory rate and heart
rate were respectively estimated using the respiration and ECG
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6 Dataset for a steady-state visual-evoked potential–based brain-computer interface

Figure 3: Topographic maps at the SSVEP frequencies averaged over 2 days with all participants for the 4 stimulation frequencies of (a) the low-, (b) middle-, and (c)
high-frequency band.

Figure 4: SSVEP SNR topographic maps averaged for each day with all participants for the 4 stimulation frequencies of the low-, middle-, and high-frequency band,
respectively. The cross-correlation coefficients are >0.99 for all cases.

data based on the peak information for each frequency band
and each session to evaluate the ranges of the respiratory and
heart rates. The mean and standard deviation values were esti-
mated for each trial for the other types of physiological signals
(i.e., EMG1, EMG2, and IMU) to evaluate changes in each set of
physiological data.

Results

Fig. 3 shows topographic maps corresponding to the SSVEP fre-
quencies, as averaged using the data collected over 2 days for
all participants and the 4 stimulation frequencies in each fre-
quency band. As expected, strong SSVEPs were observed near
occipital areas in all cases. High spectral powers were also ob-
served near frontotemporal areas, which would be derived from
electro-oculography. As is well known, absolute spectral pow-

ers decrease from the low-frequency band to the high-frequency
band (see the color bar range in Fig. 3). The occipital SSVEPs were
high relative to those observed in the other brain areas when the
middle-frequency band was applied; a spatially high SSVEP SNR
was observed.

Fig. 4 shows SSVEP SNR topographic maps that were av-
eraged using the single-day data for the 4 stimulation fre-
quencies of each frequency band for all participants. Most
channels achieved SSVEP SNRs that were >1 for all stimula-
tion frequencies, with parieto-occipital channels achieving high
SSVEP SNRs that exceed 2, demonstrating the reliability of our
SSVEP datasets. Additionally, the Day 1 and Day 2 SSVEP to-
pographic maps appear to be very similar, corresponding to a
high cross-correlation (r > 0.99) for all comparison cases. This
result demonstrates a small discrepancy between the electrode
locations on the first and second days. All SSVEP SNRs are
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Figure 5: Grand-average SSVEP responses estimated based on the data from 13 parieto-occipital channels (Ch Set4) for each frequency band. Spectral peaks are observed
at each stimulation frequency. The vertical bars indicate the standard errors of the spectral powers for each frequency.

Figure 6: Changes in classification accuracy in terms of channel configuration for each stimulation frequency band. Eight channels attached to occipital areas (Ch Set5)
achieved the highest mean classification accuracy for all 3 frequency bands. The vertical bars indicate the standard deviations of classification accuracies for each
channel set.

provided with 12 supplementary files (4 stimulation frequen-
cies × 3 frequency bands) for each day, and each supplemen-
tary file contains the SSVEP SNR data for each channel and
trial for all participants. The cross-correlation analysis results
for each participant are also provided for the 4 stimulation fre-
quencies in each frequency band with a supplementary file
(SNR CrossCorrelation.xlsx).

Fig. 5 shows the grand-average spectral powers, as estimated
by using the EEG data measured from 13 parieto-occipital chan-
nels (Ch Set4) during visual stimulation for the 4 stimulation
frequencies in the 3 frequency bands. Spectral peaks can be
observed at the stimulation frequencies, regardless of the fre-
quency band. Note that, among the 60 subdatasets (30 partici-
pants × 2 d), 10 datasets were excluded for this analysis because
these datasets contained data showing extremely large SSVEP

amplitudes at non-stimulation frequencies for some trials, and
thus distorted the grand-average results (excluded datasets: Day
1 and Day 2 for S2; Day 2 for S10; Day 1 and Day 2 for S11; Day 2
for S13; Day 1 for S18; Day 1 for S20; Day 1 and Day 2 for S29).

The classification accuracy results are presented for each
stimulation frequency band in Fig. 6 with respect to the channel
configuration shown in Fig. 2. The classification accuracy gradu-
ally increased as the number of channels used for classification
was reduced to 8 channels in frontal areas (Ch Set5), regardless
of the frequency band; this means that occipital areas are most
associated with visual information processing and thus provide
the most discriminative information. However, the classification
performance considerably deteriorated when only 3 electrodes
(Ch Set6: O1, O2, and Oz) were attached above occipital areas be-
cause less information was obtained.
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8 Dataset for a steady-state visual-evoked potential–based brain-computer interface

Figure 7: Mean classification accuracies for the 3 frequency bands for each day (RM-ANOVA: F(2, 29) = 19.87, P < 0.01; paired t-test Bonferroni-corrected P < 0.05: middle
> low = high for the first day; RM-ANOVA: F(2, 29) = 23.09, P < 0.01; paired t-test Bonferroni-corrected P < 0.05: middle > low > high for the second day). The vertical

bars indicate the standard deviations of classification accuracies for each frequency band.

Fig. 7 shows the mean classification accuracies for each fre-
quency band on each experimental day; the results were ob-
tained by using the best channel configuration (Ch Set5) in terms
of classification accuracy, as shown in Fig. 6. A similar statisti-
cal trend is shown for each experimental day; the mean clas-
sification accuracy for the middle-frequency band was signifi-
cantly higher than those for the low- and high-frequency bands,
and the mean classification accuracy for the low-frequency band
was only found to be higher than that for the high-frequency
band on the second day (RM-ANOVA: F(2, 29) = 19.87, P < 0.01;
paired t-test Bonferroni-corrected P < 0.05: middle > low = high
on the first day; RM-ANOVA: F(2, 29) = 23.09, P < 0.01; paired t-
test Bonferroni-corrected P < 0.05: middle > low > high on the
second day). No significant difference was observed between the
2 days with respect to the stimulation frequency band.

Examples of the 5 types of physiological signals that were
measured along with the EEG signals are presented in Fig. 8.
Because the physiological data show high inter- and intra-
participant variability, representative examples are provided for
each of the 5 types of physiological data; detailed results are
provided as 5 supplementary figures (Supplementary Figs. 1-5),
and in 10 supplementary files. The example data were measured
from S2 during their first trial, when the participant started to
focus on an LED that was modulated at 5 Hz; the duration was
60 s. In particular, 13 breaths and 93 heartbeats were clearly ob-
served over the 60-s period in the respiratory (Fig. 8a) and ECG
data (Fig. 8b), respectively; these numbers are within the nor-
mal ranges for the adult respiratory rate (12–18) [40] and heart
rate (60–100) [41]. The 2 sets of example EMG data (Fig. 8c and
d) and example head motion (Fig. 8e) data show that no signif-
icant movement was made; heartbeats were also observed in
both sets of EMG data (Fig. 8c and d). Most participants showed
similar trends for each corresponding type of physiological sig-

nal, with the exception of a few cases (see Supplementary Figs.
1-5 and Supplementary Files 1-10) .

Reuse potential

Although the SSVEP is one of the most widely used BCI
paradigms [42], publicly available SSVEP BCI datasets are still
scarce. In this study, we created multi-band and multi-day SSVEP
BCI datasets for the first time and validated their feasibility
through SSVEP spectral power and classification analyses. All of
the results were found to be consistent with those reported in
previous studies; particularly, SSVEP responses were mainly ob-
served near occipital areas, with spectral peaks occurring at the
stimulation frequencies regardless of the stimulation frequency
band; additionally, the classification accuracy for the middle-
frequency band was higher than those for the low- and high-
frequency band [25, 43]. Our multi-band SSVEP datasets can be
used to investigate participant-specific stimulation frequencies
because they enable comparison of the characteristics of the
SSVEPs evoked in each of the 3 frequency bands, which can thus
be used to improve the performance of SSVEP-based BCIs. Addi-
tionally, the multi-day SSVEP datasets can be used to develop
advanced solutions for session-to-session (day-to-day) transfer
problems because they provide data that can be used to inves-
tigate how SSVEP characteristics can differ on different days,
the analysis of which can be used to enhance the reliability of
SSVEP-based BCIs.

All other physiological signals that were simultaneously
measured with the EEG signals also yielded reasonable results,
even though only a representative example of each type of sig-
nal result was shown because there was high inter- and intra-
participant variability. The physiological data can be used not
only to investigate the relationship between brain activity and
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Figure 8: Examples of 5 types of physiological measurement data, with vendor-specific units: (a) respiration (arbitrary respiration unit), (b) ECG (μV), (c) EMG1 (left,

posterior side of the neck) (μV), (d) EMG2 (right posterior side of the neck) (μV), and (e) head movement (g ≈ 9.81 m/s2).

various physiological variables but also to develop artifact cor-
rection methods for SSVEPs. Particularly for the latter case, IMU
and EMG data can be used to detect head/neck movements that
would degrade the quality of EEG data and then to correct them
based on advanced algorithms.

Availability of Supporting Data and Materials

The data supporting this paper, including the EEG and other
physiological datasets, and the questionnaire results, are avail-
able in the GigaScience database, GigaDB [44].

Additional files

Supplementary Figure 1. Respiratory rates of each participant
recorded on 2 different days. For detailed information, refer to
Supplementary Files 1 and 2 (Respiration Day1.xlxs and Respi-
ration Day2.xlsx).
Supplementary Figure 2. Heart rates of each participant
recorded on 2 different days. For detailed information, refer to
Supplementary Files 3 and 4 (ECG Day1.xlxs and ECG Day2.xlsx).
Supplementary Figure 3. Mean trial EMG values for each partici-
pant estimated using the EMG1 channel data. For detailed infor-
mation, refer to Supplementary Files 5 and 6 (EMG1 Day1.xlxs
and EMG1 Day2.xlsx).

Supplementary Figure 4. Mean trial EMG values for each partici-
pant estimated using the EMG2 channel data. For detailed infor-
mation, refer to Supplementary Files 7 and 8 (EMG2 Day1.xlxs
and EMG2 Day2.xlsx).
Supplementary Figure 5. Mean trial IMU values for each partici-
pant and each day. For detailed information, refer to Supplemen-
tary Files 9 and 10 (HeadMovement Day1.xlxs and HeadMove-
ment Day2.xlsx).
Supplementary Files.
Supplementary File 1. Detailed information for Supplmentary

Figure 1 (Respiration Day1.xlxs).
Supplementary File 2. Detailed information for Supplmentary
Figure 1 (Respiration Day2.xlxs).
Supplementary File 3. Detailed information for Supplmentary
Figure 2 (ECG Day1.xlxs).
Supplementary File 4. Detailed information for Supplmentary
Figure 2 (ECG Day2.xlxs).
Supplementary File 5. Detailed information for Supplmentary
Figure 3 (EMG1 Day1.xlxs).
Supplementary File 6. Detailed information for Supplmentary
Figure 3 (EMG1 Day2.xlxs).
Supplementary File 7. Detailed information for Supplmentary
Figure 3 (EMG2 Day1.xlxs).
Supplementary File 8. Detailed information for Supplmentary
Figure 3 (EMG2 Day2.xlxs).
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Supplementary File 9. Detailed information for Supplmentary
Figure 3 (HeadMovement Day1.xlxs).
Supplementary File 10. Detailed information for Supplmentary
Figure 3 (HeadMovement Day2.xlxs).
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