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ABSTRACT: In motor-imagery brain–computer inter-
faces (MI-BCI) research, how user gender influences BCI
classification performance and ERD/S responses is not
yet fully understood. Thus, investigating the impact of
gender on BCI systems is an important step toward real-
izing BCIs that are accessible to all users. In this study,
we examined how varying the proportion of female users
in the training data in cross-user MI-BCI affects BCI clas-
sification performance. The results (on 139 users from 2
data bases) revealed positive correlations (0.33–0.71) be-
tween the proportion of female users in the training data
and BCI performance, and showed that including more
female users in the training data was associated with per-
formance improvements of up to 5.5%. These findings
indicate that machine-learning models in MI-BCI may be
influenced by gender-related biases and highlight the im-
portance of considering gender distribution in the design
of future BCI research.

INTRODUCTION

Motor Imagery (MI)-based brain-computer interfaces
(BCIs) offer intuitive control and a wide range of po-
tential applications; however, it is well known that ap-
proximately 15–30% of users fail to achieve sufficient
control accuracy, a phenomenon referred to as BCI in-
efficiency [1]. Although various factors have been inves-
tigated, the fundamental causes of this issue remain un-
clear, and no definitive solution has been established. MI-
BCIs operate by detecting, using machine learning, the
power decreases and increases in the mu (8–13 Hz) and
beta (15–30 Hz) bands, known as event-related desyn-
chronization/synchronization (ERD/S), elicited by MI of
body-part movements.
Multiple factors affecting BCI performance and ERD/S
strength have been reported, particularly biological sex
or gender-related factors, which have been shown to in-
fluence ERD amplitude and BCI performance. Randolph
et al. reported that ERD amplitudes were larger in fe-
males [2]. Similar tendencies have been reported in [3,
4], where higher MI-BCI performance in females was
also observed. The higher MI-BCI performance in fe-
males was observed in other studies [5, 6]. Furthermore,
an fMRI study on post-stroke patients reported greater ac-
tivation in the sensorimotor cortex in females compared
with males [7]. Additionally, it has been suggested that

the interaction between the genders of the experimenter
and the user may influence MI-BCI performance [8]. An-
other study reported slightly better, though not statisti-
cally significant, MI-BCI performance in female users,
and also showed that features learned by deep learning
models can be used to classify user gender [9]. In con-
trast, [10–12] reported no significant gender differences.
Thus, there is currently no clear consensus on how gender
affects MI-BCI performance. Nevertheless, beyond BCI
research, it is well known that various machine-learning
algorithms may embed gender-related biases [13].There-
fore, a careful investigation of gender effects is essential
for realizing BCIs that are accessible to all users.
Previous studies mainly compared male vs. female per-
formance but did not examine how the composition of the
training data affects performance. In this study, we inves-
tigated an aspect that has not been sufficiently examined
so far, namely how imbalances in the number of male
and female samples in the training data - for cross-user
MI-BCIs - affect the BCI performance of male and fe-
male users. In addition, by quantifying the variability of
ERD/S responses under these conditions, we also exam-
ined potential gender differences in the ERD/S variability
to interpret the performance difference.

MATERIALS AND METHODS

Dataset Description: We used two open datasets, (A)
Dreyer2023 [14] and (B) Lee2019 [15], which were ac-
cessed via the Python package MOABB [16]. For both
datasets, only EEG channels were used, and participant
sex (male/female) was obtained from the dataset meta-
data and is referred to as gender in the remainder of the
paper.

(A) Dreyer2023: It contains EEG recordings from 87
users performing left- and right-hand motor imagery (MI)
tasks [14]. For each user, a single-session EEG record-
ing consisting of six runs of MI tasks was provided. The
first and second runs constituted the acquisition phase,
during which data were collected for classifier training,
whereas runs 3 to 6 comprised the online phase, during
which users received real-time feedback from the BCI. In
each run, 20 trials were performed per class, i.e., left- and
right-hand MI. Among the 87 users, two (4 and 59) were
excluded from further analysis due to excessive noise in
the recordings (4) and missing runs (59), leaving 85 users
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(41 females and 44 males) for analysis. All 27 available
EEG channels were used (cf. [14]). The original sam-
pling frequency was 512 Hz.

(B) Lee2019: It contains EEG recordings from 54
users (23 females and 31 males) performing left- and
right-hand motor imagery (MI) tasks [15]. For each user,
two-session EEG recordings consisting of two runs (a
training run and a test run) of MI tasks were provided.
As the test run does not include true class labels (see the
original paper for details [15]), only the training run was
used in this study. Each run consisted of 100 trials (50 tri-
als per class). All 62 available EEG channels were used
(cf. [15]). The original sampling frequency was 1000 Hz.

Classification: In this study, the cross-user classifica-
tion task was evaluated for each test user across varying
proportions of female users in the training data.
For each dataset, one user was selected as the test user
Ut , and the training data were constructed by selecting
Nt users from the remaining users such that the pro-
portion of female users in the training data was R f ∈
{0.0,0.25,0.50,0.75,1.0}. Here, Nt was set to 40 for
Dreyer2023 and 20 for Lee2019. The training and test
data were generated as follows.
For each condition defined by the test user Ut and the
female ratio R f , the following steps were performed:

1. From the users excluding Ut , randomly select Nt
users as the proportion of female users equals R f .

2. Apply preprocessing (described later) to the data of
each selected user and compute the covariance ma-
trix for each trial. After applying Ledoit-Wolf reg-
ularization [17] to the covariance matrices, Rieman-
nian Procrustes Analysis (RPA) [18] was applied
to reduce between-user variability. In this study,
only the recentering and rescaling steps of RPA were
used, normalizing the data such that the geometric
mean became the identity matrix and the dispersion
around it was equal to 1. The rotation step of RPA
was not applied.

3. Concatenate the data from all selected users to form
the training dataset.

4. Apply the same preprocessing to the data of the test
user Ut , compute the covariance matrices, and ap-
ply RPA. To simulate a realistic BCI usage scenario,
RPA was applied sequentially; i.e., for the n-th trial,
RPA was estimated and applied using only the data
from the first n trials.

5. Train the classifier using the training data and clas-
sify the data of the test user. As the classifier,
Riemannian Tangent Space + Logistic Regression
(TSLR) [19] was used. For Logistic Regression,
the lbfgs solver with an L2 penalty (C = 1.0) and
max_iter = 100 was employed.

6. The above procedure was repeated three times per
test user, and the results were averaged.

Each user in the dataset was selected once as the test user,
and the above procedure was performed for all conditions
of R f (the proportion of female users in the training data)
for each test user.

The data preprocessing was performed as follows. First,
a fourth-order Butterworth filter was applied bidirec-
tionally in the 8–30 Hz band, and the MI task interval
was extracted. The extraction interval was 0.5–4.5 s for
Dreyer2023 and 0.5–3.5 s for Lee2019, post MI instruc-
tion cue. The data were then resampled to 128 Hz. Since
Lee2019 contains data from two sessions, preprocessing
and RPA were applied independently to each session, af-
ter which the two sessions were concatenated to form the
data for each user. Classification performance was eval-
uated using accuracy. No artifact removal was applied to
either the classification or the variability calculation.

Variability: For each test user, we examined (i) how
variable the training data were with respect to that user
(test-referenced variability) and (ii) how much variabil-
ity existed within each gender group (gender-wise vari-
ability). Variability was evaluated for both the temporal
waveform and the spatial distribution. To assess variabil-
ity, we used the class-wise mean ERD/S pattern of each
user. In this study, variability was uniformly defined as
the average distance between each user’s ERD/S pattern
and a reference pattern M. The definition of the refer-
ence pattern M was adapted depending on the analysis
setting. Specifically, for test-referenced variability, the
ERD/S pattern of the test user served as the reference pat-
tern, whereas for gender-wise variability, the representa-
tive pattern for each gender group was used.
First, preprocessing was applied to each user’s data. A
fourth-order Butterworth filter in the 1–45 Hz band was
applied bidirectionally, and time–frequency representa-
tions were estimated from 1 to 45 Hz with a resolution of
1 Hz using the the Discrete Prolate Spheroidal Sequences
(DPSS) multitaper method [20], followed by decimation
by a factor of 2. ERD/S was then computed using the in-
terval −2.0–0.0 s as the baseline. Subsequently, ERD/S
was averaged across trials for each class and user, and the
resulting class-wise mean ERD/S pattern was used as the
representative data for each user.
Test-referenced variability: First, we evaluated how much
the ERD/S patterns of the Nt training users selected for a
given test user Ut varied around Ut . This metric quantifies
how varied the training users’ ERD/S patterns are from
the test user’s pattern.
For temporal variability, the corresponding channel for
each class (C4 for left-hand imagery and C3 for right-
hand imagery) was extracted and their ERD/S averaged
over the 8–30 Hz band. This resulted in a temporal vector
xt ∈ RT for each user, where T denotes the number of
time samples.
The temporal variability vt was quantified using DTW
(Dynamic Time Warping), a distance measure based on
nonlinear alignment between two time series [21]. It was
defined using the reference pattern M, given by the tem-
poral waveform of the test user (M = xc,Ut

t ), as follows:

vt =
1

Nc

1
Nt

Nc

∑
c=1

Nt

∑
i=1

DTW
(

xc,i
t ,M

)
, M = xc,Ut

t (1)
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Here, Nc denotes the number of classes, c denotes the
class (left-hand and right-hand imagery), and i indexes
the training users.
Next, spatial variability was evaluated. All EEG channels
were used, and ERD/S data were averaged over the 8–
30 Hz band and subsequently over time. This resulted
in a spatial vector xs ∈ RC for each user, where C is the
number of EEG channels.
The spatial variability vs was defined using the reference
pattern M as the spatial pattern of the test user, M = xc,Ut

s ,
as follows:

vs =
1

Nc

1
Nt

Nc

∑
c=1

Nt

∑
i=1

arccos

(
xc,i

s ·M
∥xc,i

s ∥∥M∥

)
, M = xc,Ut

s

(2)
Here, d = arccos((w1 ·w2)/(∥w1∥∥w2∥)) compute the an-
glular distance between two vectors (w1 and w2).
These two metrics represent the variability around the test
user Ut in terms of the temporal waveform and spatial
distribution, respectively.
Gender-wise variability: Next, for each dataset, we eval-
uated the variability within the male group, within the fe-
male group, and within the entire user population. Here,
the reference pattern M was defined as the representative
ERD/S pattern of each group.
For the temporal waveform, the reference pattern M in
Eq. (1) was defined as the Euclidean mean over the set of
users belonging to the group U ∈ {Umale,Ufemale,Uall}:

M =
1

NU
∑
i∈U

xc,U
t (3)

where NU is the number of users in the given group U .
For the spatial distribution, the reference pattern M in
Eq. (2) was defined as the Fréchet mean on the hyper-
sphere for the set of spatial vectors:

M = argmin
∥m∥2=1

∑
i∈U

arccos

(
xc,i

s ·m
∥xc,i

s ∥∥m∥

)
(4)

Statistical Analysis: In the correlation analysis, we
evaluated the relationships between the proportion of
female users in the training data, R f , and each met-
ric: machine-learning classification accuracy and test-
referenced variability metrics. Specifically, for each test
user, repeated-measures data obtained under different R f
conditions were used to analyze the correlations between
R f and (i) classification accuracy, (ii) temporal waveform
variability, and (iii) spatial distribution variability, using
repeated measures correlation. In this study, a total of
12 correlation analyses were conducted (2 datasets × 2
genders × 3 metrics: accuracy, temporal variability, and
spatial variability). Therefore, multiple comparison cor-
rection using the Benjamini–Hochberg (BH) procedure
was applied to the resulting p-values, with a significance
level of 0.05.
In addition, to examine whether each metric changed
significantly with variations in the female ratio R f , the

Table 1: The results of the post hoc comparisons using the
Wilcoxon signed-rank test are presented. A and B denote the
levels of the female ratio R f that were compared. p denotes the
p-values corrected using the Benjamini–Hochberg procedure.
With a significance level of 0.05, results showing significant
differences are indicated by bold p-values. G., TempVar and
SpatVar denote gender, temporal variability and spatial variabil-
ity, respectively.

Dataset Modality G. A B p

Dreyer
2023

Accuracy F
0.0 0.5 7.7×10−2

0.5 1.0 8.7×10−2

0.0 1.0 5.5×10−2

TempVar

F
0.0 0.5 2.2×10−4

0.5 1.0 6.9×10−3

0.0 1.0 4.5×10−11

M
0.0 0.5 7.8×10−6

0.5 1.0 6.7×10−3

0.0 1.0 2.3×10−12

SpatVar

F
0.0 0.5 1.9×10−6

0.5 1.0 8.4×10−8

0.0 1.0 1.1×10−7

M
0.0 0.5 1.3×10−4

0.5 1.0 4.9×10−5

0.0 1.0 4.1×10−5

Lee
2019 Accuracy

F
0.0 0.5 8.3×10−3

0.5 1.0 4.1×10−4

0.0 1.0 6.0×10−5

M
0.0 0.5 2.7×10−3

0.5 1.0 7.7×10−3

0.0 1.0 7.8×10−4

following analysis was conducted. First, for the total
of 12 conditions (2 datasets × 2 genders × 3 metrics),
repeated-measures data for each test user were analyzed
using a repeated-measures ANOVA with the female ra-
tio R f as a within-subject factor. This allowed us to
test whether there was a significant main effect of R f on
each metric. The resulting 12 p-values were corrected
for multiple comparisons using the Benjamini–Hochberg
(BH) procedure, and statistical significance was deter-
mined with a significance level of α = 0.05.
For the conditions in which a significant main effect was
observed in the ANOVA, post hoc comparisons were per-
formed for all pairwise combinations of the five levels of
R f (10 pairs in total) using Wilcoxon signed-rank tests.
The p-values obtained from these comparisons (10 val-
ues in total) were also corrected for multiple comparisons
using the BH procedure.

RESULTS

Fig. 1 shows bar plots of the results for classification ac-
curacy and each test-referenced variability metric across
different proportions of female users in the training data
R f , separately for male and female test users. The R val-
ues in the figure denote the correlation coefficients ob-
tained by repeated measures correlation.
For Dreyer2023, a positive correlation between R f
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Figure 1: Classification accuracy as well as test-referenced temporal and spatial variability are shown for different values of the female
ratio R f in the training data. The correlation coefficients R obtained by repeated measures correlation are also indicated in the figure. An
asterisk (∗) attached to a correlation coefficient denotes that the correlation was significant at α = 0.05 after applying the Benjamini–
Hochberg correction to the obtained p-values. Note that the scale of the y-axis differs across the plots.

and classification accuracy was observed for female test
users. For temporal variability, moderate positive corre-
lations between R f and variability were observed for both
male and female test users. In contrast, for spatial vari-
ability, negative correlations between R f and variability
were observed for both genders.
For Lee2019, regarding classification accuracy, positive
correlations between R f and accuracy were observed for
both male and female test users. On the other hand, for
both temporal variability and spatial variability, no sig-
nificant correlations were found for either gender.
A repeated-measures ANOVA was conducted to examine
the main effects of the female ratio R f on each metric.
For Dreyer2023, significant main effects were observed
for classification accuracy (female test users; p = 1.5×
10−2), temporal variability (female; p = 6.0 × 10−11,
male; p = 1.2 × 10−7), and spatial variability (female;
p = 1.2 × 10−11, male; p = 2.7 × 10−6). In contrast,
for Lee2019, significant main effects were observed only
for classification accuracy (female; p= 2.4×10−8, male;
p = 3.1×10−6).
In the post hoc comparisons, among the five levels of
R f , the results for the three pairs 0.0 vs. 0.5, 0.5 vs. 1.0,
and 0.0 vs. 1.0, out of ten pairs, are reported in Table 1.

Significant differences were found in all conditions ex-
cept for the classification accuracy in Dreyer2023 when
female users were used as the test users. Additionally,
significant differences were found in 0.75 vs. 1.0 in
Lee2019 regardless the gender of the test user (female;
4.8×10−2 and male; 4.3×10−2).

In Lee2019, the highest classification accuracy was ob-
tained when the model was trained using only female data
(R f = 1.0), regardless of the gender of the test user. Even
when male users were used as the test users, the highest
accuracy was achieved when training was performed us-
ing only female data. When the female user was the test
user, the accuracy was improved by 5.5% when R f = 1.0
against R f = 0.0.

Fig. 2 shows the gender-wise variability for each dataset,
and the distances between the centroids of the female
and male groups. In Dreyer2023, males exhibited lower
variability in temporal variability, whereas females ex-
hibited lower variability in spatial variability. In contrast,
in Lee2019, females tended to show lower variability for
both temporal and spatial metrics.

DISCUSSION
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Figure 2: Results of the gender-wise variability analysis. Temporal and spatial variability are shown for the male group, the female
group, and all users. The brown box in the upper-right corner of each subfigure shows the distance between the centroids of the female
and male groups (DTW for temporal variability and angular distance for spatial variability). The y-axis scales are identical across
datasets for each metric.

First, this study revealed that, in cross-user MI-BCI clas-
sification, bias may arise depending on the gender ratio
of users included in the training data. Both the corre-
lation analysis between the female ratio R f and BCI per-
formance (Fig. 1) and the differences in BCI performance
across R f conditions within each setting (Table 1) showed
significant correlations (3 out of 4 conditions) and signif-
icant differences (2 out of 4 conditions). These findings
provide important evidence that the gender distribution
can influence performance in the design and experimen-
tation of cross-user MI-BCI systems.
The results suggested a tendency toward improved per-
formance when a higher proportion of female user data
was included in the training set. Significant positive
correlations between R f and BCI performance were ob-
served for female users in Dreyer2023 and for both male
and female users in Lee2019. In particular, for female
users in Lee2019, a strong correlation coefficient of 0.71
was obtained. In addition, the results in Table 1 indi-
cate that, in Lee2019, training the classifier using only
female users (R f = 1.0) yielded significantly higher per-
formance than the other R f conditions. Moreover, for
both male and female users in Dreyer2023, although no
significant differences were observed, the highest aver-
age accuracy among all R f conditions was also obtained
when R f = 1.0. As discussed in the Introduction, several
studies [3–6] have reported that females tend to exhibit
higher MI-BCI performance and larger ERD amplitudes;
our findings further suggest the potential advantage of us-
ing more female data for training.
The results suggest that differences in ERD/S responses
may exhibit a hierarchical scale structure. In Fig. 2, the
within-group variability for both males and females was
consistently larger than the centroid distance between the
two gender groups (v f > d and vm > d, where d de-
notes the centroid distance and v f and vm denote the
variability of females and males, respectively). This im-
plies that inter-individual differences exceed gender dif-
ferences. Furthermore, the centroid distance between
gender groups was larger than the difference in within-
group variability (d > |v f − vm|) in all conditions. This

indicates that the direct gender difference in mean re-
sponses may be larger than the difference in variabil-
ity within each gender group. Taken together, these
findings suggest a hierarchical scale structure of inter-
individual differences > gender differences > differences
in within-gender variability. In other words, although
inter-individual differences are likely to have the largest
impact on BCI performance, direct gender differences
may exert a greater influence than within-gender variabil-
ity differences. Therefore, when designing cross-users
BCI systems that account for gender effects, ensuring ro-
bustness to differences in mean responses between gen-
ders may be more important than addressing differences
in variability within each gender group. However, in
this study, each variability metric was estimated as a sin-
gle group-level value using all available data, and thus,
statistical tests of gender differences in variability were
not performed. Future work should further investigate
gender-related differences in variability using resampling
approaches such as bootstrap methods.
The performance changes with varying R f in
Dreyer2023 may be partly explained by variabil-
ity. For example, spatial variability showed a strong
negative correlation with R f , suggesting that lower
spatial variability was associated with higher accuracy.
In contrast, temporal variability exhibited a moderate
positive correlation with R f , implying that higher tempo-
ral variability may have had a relatively smaller impact
on accuracy. These results suggest that the Riemannian
TS+LR classifier used in this study may be sensitive
to spatial variability while being relatively robust to
temporal variability. However, a similar tendency was
not observed in Lee2019, and further validation using a
larger number of datasets will be necessary.
In this study, we used two datasets, Dreyer2023 and
Lee2019; however, these data were collected at Inria
Bordeaux (Talence, France) and Korea University (Seoul,
Korea), respectively, and may therefore reflect popula-
tions with different geographical backgrounds. Such ge-
ographical population differences could be one of the fac-
tors leading to the differing results observed between the
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datasets. Future work should thus include validation us-
ing a larger number of datasets to enable evaluation based
on geographically diverse populations.
In addition, the present analysis was conducted using
only TS+LR, and different trends may emerge when other
classifiers are employed. Therefore, validation using al-
ternative classifiers is an important direction for future
research.

CONCLUSION

In this study, we investigated how varying the gender ra-
tio in the training data affects BCI performance in cross-
user MI-BCI. The results showed that classification accu-
racy was significantly higher in three out of four condi-
tions when the machine-learning model was trained using
only female users. In addition, across the same three con-
ditions, positive correlations (up to 0.71) were observed
between the proportion of female users in the training
data and BCI performance, suggesting that training the
classifier with more female user data may be associated
with improved BCI performance, even for male users.
Several previous studies have also suggested a female ad-
vantage in MI-BCI performance, and the present findings
can be considered to be consistent with these observa-
tions. Moreover, since our results indicate that machine-
learning models for MI-BCI may be subject to gender-
related biases in the training data, they suggest that incor-
porating a gender-aware perspective will be important in
future BCI research.
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