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Auditory Perception as a Surrogate for Auditory
Imagery in EEG-Based BCI Training: Neural
Evidence and a Feasibility Study

Zhuohao Zhang"', Graduate Student Member, IEEE, Haruto Hamada, Phurin Rangpong",
Akima Connelly*, and Tohru Yagi*’, Member, IEEE

Abstract— Brain-computer interface (BCl) systems are
commonly classified as reactive or active. Reactive BCls
rely on responses to external stimuli, simplifying decod-
ing but limiting direct user control. In contrast, active
BCls enable intuitive control through spontaneous mental
activity but impose greater signal-processing challenges.
Speech BCls, a subset of active systems, hold promise for
individuals with severe neurological impairments such as
locked-in syndrome (LIS), potentially enabling communica-
tion through imagined speech. However, their adoption is
hindered by the demanding pre-training required to col-
lect imagery data, which often induces fatigue, and the
difficulty many users face in generating consistent, high-
quality imagery. To address these limitations, we propose a
hybrid BCI framework that uses passive listening tasks as
a surrogate for auditory imagery tasks during model train-
ing. As a first step, this proof-of-concept feasibility study
examined neural responses to five Japanese vowels (/a/,
lil, lul, lel, /o/) under listening and imagery conditions in a
limited experimental setting with healthy male participants,
using event-related potentials (ERPs), topographical map-
ping, and event-related spectral perturbations (ERSPs),
followed by statistical analysis of shared and distinct neural
patterns. In the primary three-class and binary classifica-
tion analyses, classification accuracies for imagery signals
obtained from models trained solely on listening data were
comparable to, and in some settings higher than, those
trained directly on imagery data, with both outperforming
chance level. These findings indicate that passive listen-
ing may provide effective training data for active auditory
imagery BCls within the tested setting, potentially reducing
cognitive demands without compromising performance.
Further validation in larger and more diverse cohorts is
required before clinical application.

Index Terms— Auditory perception, auditory imagery,
brain—computer interface, electroencephalography.
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|. INTRODUCTION

PEECH brain—computer interfaces (BClIs) enable commu-
Snication without overt speech or movement. They hold
particular promise for individuals with severe neurological
impairments such as locked-in syndrome (LIS) [1]. Elec-
troencephalography (EEG) is portable, inexpensive, and safe,
making it well-suited for long-term BCI applications [2], [3],
[4].

From an end-user perspective, EEG speech-imagery BCIs
face practical barriers. While many EEG-based studies have
attempted to classify speech imagery signals, training these
systems typically requires prolonged imagery sessions to col-
lect calibration data [5], [6], [7], [8], [9], [10], [11], [12],
[13], [14], which are cognitively demanding, induce fatigue,
and reduce motivation [15], [16]. In addition, many users
struggle to generate consistent, high-quality imagery, leading
to degraded data reliability and model performance [17].
Reducing this training burden remains a key challenge [17],
[18]. This work addresses this challenge directly by proposing
a listening-based training paradigm.

To the best of our knowledge, this is the first EEG study to
evaluate whether models trained on listening data can effec-
tively classify imagery data. Cognitive neuroscience studies
show that listening to and imagining the same speech activate
overlapping cortical networks, particularly within auditory
and language areas [19], [20], [21], [22]. Building on this
evidence, we hypothesize that EEG signals recorded during
passive listening could share features with those observed
during imagery. If confirmed, passive listening, which requires
little cognitive effort, could be exploited as training data
for imagery-based BCIs. This approach retains the intuitive
control of active BCIs while alleviating the heavy training
demands, offering a more practical path toward real-world
applications.

Another challenge arises from the intrinsic complexity of
speech imagery. It is a complex process rather than a single
phenomenon [23]; covert speech engages both auditory and
articulatory components, often recruiting motor-related regions
even in the absence of overt movement in many studies [5], [6],
[71, [9], [10], [11], [14], [20]. This heterogeneity complicates
feature isolation and the interpretation of decoding results
[20], [24]. To address this issue, the present study empha-
sizes auditory features while minimizing potential confounds
from articulatory processes. In addition, existing studies have
primarily focused on machine learning accuracy, but often pro-
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vide limited insight into the underlying neural characteristics
[51, [6], [71, [8], [9], [10], [11], [12], [13], [14]. In contrast, our
approach reduces the confounding influence of motor activity
and directly examines EEG features, thereby contributing both
to decoding performance and to a deeper understanding of
auditory imagery mechanisms.

Prior EEG studies on Japanese vowels have adhered
mainly to an imagery-only training—testing paradigm [12],
[13], [14]. While [12] and [13] considered only two vowels
(/a/, /i/)—with [12] combining EEG with fMRI currents—and
[14] included five vowels but restricted analysis to binary clas-
sification, none explored the relationship between listening and
imagery, nor did they systematically examine the underlying
neural correspondence.

This study proposes a novel framework that uses passive
listening as a surrogate for imagery during EEG-based BCI
training. We collected neural data from participants during
both passive listening and auditory imagery of five Japanese
vowels. First, we compared the neural responses across con-
ditions to identify shared and distinct patterns. Next, we
evaluated classification performance under two paradigms:
(1) models trained on imagery data and tested on imagery trials
(conventional approach), and (2) models trained on listening
data and tested on imagery trials (proposed approach). Our
results indicate that listening-based training achieves classi-
fication accuracy comparable to imagery-based training and
remains significantly above chance level.

Overall, this work provides a proof-of-concept for hybrid
training in speech-imagery BCIs. By leveraging shared neural
features between listening and auditory imagery, our approach
addresses a key obstacle to active BCI adoption—heavy
pre-training demands. It also points toward more practical
interfaces for assistive communication and neurorehabilitation
in individuals with severe motor or speech impairments.

Il. METHODS

A. Language Selection and Stimuli

Unlike other languages, Japanese consists of 50 phonemes,
collectively called the Gojtuon (fifty-sound chart), whose pro-
nunciations remain invariant across lexical contexts, making
vowel decoding a practical starting point for higher-level
speech decoding. By contrast, foundational phonemes in
languages such as English or Chinese exhibit significant vari-
ability; the pronunciation of alphabet letters can differ greatly
when embedded within words. Therefore, Japanese was chosen
as the target language for this study.

To further minimize potential confounds from articulatory
processes, we selected female voices from Japanese anime as
auditory stimuli for the five vowels (/a/, /i/, /u/, /e/, /o/) and
normalized them to —23 LUFS (44.1 kHz, 16-bit, mono). Only
male participants were recruited to reduce the likelihood that
they would internalize the imagined sounds as their own vocal
productions. This design minimized motor-related imagery
and emphasized auditory-specific neural features. The audio
stimuli are publicly available at:

https://booth.pm/ja/items/3171096

B. Participants

Ten healthy male volunteers aged 22-27 (mean 24.0)
participated in the experiment. All participants were right-
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Fig. 1. Electrode positions highlighting brain regions related to audition
and speech.

handed, as assessed using the Handedness Questionnaire [25],
and had normal hearing. None of the participants reported
any history of neurological, psychiatric, or musculoskeletal
disorders.

This study was conducted with the approval of the IRB at
the Institute of Science Tokyo (# 2025120)

C. Experimental Protocol and Setup

1) Signal Acquisition: EEG activity was recorded using
a commercial amplifier (Polymate Pro MP6100, Miyuki
Giken, Japan). Nineteen electrodes were positioned accord-
ing to the international 10-5 system, with an emphasis
on auditory-related cortical regions [26], [27] (Fig. 1).
Two electrooculographic (EOG) electrodes were placed to
monitor ocular artifacts. In addition, surface electromyog-
raphy (EMG) electrodes were positioned over the laryn-
geal region to verify the absence of overt articulatory
movements [28].

2) Stimuli and Experimental Blocks: Data were collected
across two sessions on different days, each held at the same
time of day to minimize circadian variability and fatigue.
Each session included two experimental blocks: Listening and
Auditory Imagery. Both blocks contained five Japanese vowels
(/a/, /i/, lu/, [e/, /o/) and a white-noise Control condition. Each
stimulus was presented 54 times per block, yielding 324 trials
per block and 648 trials in total.

3) Experimental Protocol: The Imagery paradigm was
adapted from a prior auditory imagery study [12]. The Listen-
ing block was newly introduced to enable direct comparison
between auditory perception and imagery (Fig. 2). Each
trial began with a fixation cross presented for 2.0-3.0 s
(randomized), preventing participants from anticipating the
onset of the task phase. The final 1.0 s of this period
served as the baseline. Subsequently, a 4.0 s task phase was
initiated:

a) Listening: a 0.4 s auditory stimulus was presented at

0.0 s and repeated at 2.0 s.

b) Imagery: a 0.4 s auditory stimulus was presented at
0.0 s, after which participants imagined the same sound
synchrony with the expected timing at 2.0 s.

c) Control: white noise was presented at 0.0 s, and par-
ticipants remained still without performing imagery.
The control condition was intended as a passive
baseline rather than a temporally matched sensory
control.

Each trial ended with a 3.0 s rest period indicated on

screen, during which participants were allowed to blink and
relax.
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D. Data Processing and Analysis

EEG data (19 EEG and 2 EOG channels) were processed
in EEGLAB (MATLAB) [29]. Signals were bandpass filtered
between 1 and 35 Hz to suppress slow drifts and high-
frequency noise while preserving auditory-related frequency
bands [30]. Artifacts were removed by manual rejection of
high-noise trials and independent component analysis (ICA),
with eye-movement components identified and excluded using
EOG references. Data were baseline-corrected using the —1 to
0 s interval and subsequently normalized with a z-score
transformation for group analysis. For each participant, data
from both sessions were combined. Due to excessive noise in
both EEG and EMG on Day 2 for Subject 9, only Day 1 data
were retained. To assess the potential impact of this reduced
trial number, we additionally conducted a sensitivity analysis
excluding Subject 9 entirely. Excluding Subject 9 did not mate-
rially affect the overall conclusions, and the corresponding
results are reported in the Supplementary README. Details
of EMG preprocessing are also included in the Supplementary
Materials.

Subsequent analyses included event-related potentials
(ERP), topographical mapping, and event-related spectral per-
turbation (ERSP) to characterize neural responses. Statistical
tests were performed to quantify similarities and differences
between the Listening and Imagery conditions. Finally, classi-
fication analyses were conducted to evaluate the performance
of models trained on listening versus imagery data.

ERSP was computed as the average spectral power across
trials:

1 n
ERSP(f.0=~3%  [IFf.0 (M)

where Fi(f,1) is the spectral estimate of the k” trial at
frequency f and time ¢. Power changes were expressed relative
to the baseline using a decibel (dB) transformation:

Power 44
10log T Ak
10 Powerjmseline

Powerxhange = 2
For subsequent analyses, power values were grouped into

eight frequency bands:
e Theta: 4-8 Hz

Low-Alpha: 8-10 Hz

High-Alpha: 10-12 Hz

Beta-I: 12—-15 Hz

Beta-II: 15-20 Hz

Beta-III: 20-25 Hz

Beta-1V: 25-30 Hz

Gamma: 30-35 Hz

I1l. RESULTS
A. ERP Responses

ERP analysis was first conducted to validate the recording
of task-related brain activity. The Cz channel was selected
for analysis. Fig. 3 shows ERP waveforms for the five vowel
conditions and the Control condition, with Listening results
plotted in black and Imagery results in blue. The y-axis denotes
ERP amplitude («V), and the x-axis denotes time from —1 to
4 s. Black dashed lines indicate the onset of external auditory

© o)
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Fig. 2. Experimental protocol illustrating the listening and imagery
conditions.

stimuli, whereas yellow dashed lines in the imagery panels
mark the time point at which participants were required to
begin the imagery task.

In the Listening condition, a robust N200 (N2; blue
arrows) was observed approximately 200 ms after stimulus
onset, reflecting auditory recognition [31]. This was fol-
lowed by a P300 (P3; red arrows) at ~300 ms, typically
associated with attentional engagement and task-related pro-
cessing [31]. A subsequent processing negativity (PN; purple
arrows) was consistently observed across all vowels, reflecting
the selective-attention demands of vowel identification [32],
[33], [34].

In the Imagery condition, similar N200 and P300 responses
were elicited after stimulus onset. PN responses were also
present, suggesting sustained selective attention. Because only
a single auditory stimulus was presented, no additional ERP
components were observed at the 2-s mark, when participants
generated imagery without external input.

In the Control condition, N200 and P300 components were
detected; however, the typical PN was absent within the
highlighted yellow interval. Instead, the waveform gradually
returned to baseline. This pattern is consistent with studies
suggesting that PN is related to attentional resource allocation;
under passive or non-task conditions, only a smooth return
of the P3 to baseline is observed without additional negative
deflection [33], [34], [35], [36], [37].

These ERPs confirm effective task engagement in Listening
and Imagery, whereas Control elicited attenuated and less
sustained responses.

B. Topographical Map

1) Time-Segmented Topographical Map: After confirming
successful recordings, time-segmented topographical mapping
was conducted to identify task-related windows. Because the
auditory stimuli lasted 0.4 s, the 4-s task period was divided
into consecutive 0.5-s windows. Data from all 10 participants
were averaged and filtered between 8-30 Hz to encompass
alpha and beta frequency ranges.

Fig. 4(a)-(c) depict power distributions across the scalp
relative to the baseline period (—1 to O s). The color bar
indicates power changes in decibels: red denotes increases,
blue denotes decreases, and green indicates no change.

In the Listening condition (Fig. 4(a)), power increases
were predominantly observed in the bilateral temporal
regions, particularly over Wernicke’s area (CPP5h) and its
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Fig. 3. ERP results showing neural responses for the related task and control conditions.
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Fig. 4. Time-segmented topographical maps for three conditions:
(a) Listening conditions, (b) Imagery conditions, (c) Control condition.

right-hemispheric homolog (CPP6h). Following the first audi-
tory stimulus at O s, power gradually intensified and peaked
around 2 s. The second stimulus further enhanced activity,
reaching a maximum between 2.5-3.0 s. Thereafter, task-
related effects diminished, and power returned to baseline from
3.5 s onward.

In the Imagery condition (Fig. 4(b)), unlike in the Listening
condition, no significant power changes were observed imme-
diately after the first stimulus, and the topographical maps
reflected baseline activity. This pattern may correspond to the
preparatory phase for imagery (see Discussion). Starting at
2 s, when participants were required to initiate imagery, clear
power increases emerged in the bilateral temporal regions,
including Wernicke’s area (CPP5h) and its right-hemispheric
homolog (CPP6h). These increases intensified during the task
interval, peaked between 2.5-3.0 s, and then diminished,
returning to baseline from 3.5 s onward. Notably, during
the imagery period (2.0-3.5 s), the spatiotemporal patterns
of power increase closely resembled those observed in the
Listening condition.

(a)

Frequency-segmented (2~3.5 s)
Listening
14
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Fig. 5. Frequency-segmented topographical maps for three conditions:
(a) Listening conditions, (b) Imagery conditions, (c) Control condition.

In the Control condition (Fig. 4(c)), by contrast, topograph-
ical maps remained near baseline throughout the entire task
period.

Based on the time-segmented topographical maps, the
2.0-3.5 s interval was selected as the task-related window for
subsequent analyses.

2) Frequency-Segmented Topographical Map: Within the
2.0-3.5 s window, the data were further divided into
eight frequency ranges (see Methods) to characterize task-
related frequency components in the Listening and Imagery
conditions.

In the Listening condition (Fig. 5(a)), pronounced power
increases were observed in the low-alpha (8-10 Hz), high-
alpha (10-12 Hz), and beta-I (12-15 Hz) bands, with weaker
yet consistent activations in the beta-Il band (15-20 Hz).
These changes were predominantly localized in the tempo-
ral regions, particularly around electrode CPP5h (Wernicke’s
area) and CPP6h, with more potent effects in the right hemi-
sphere. Power modulations above 20 Hz were also present but
considerably weaker than those in the alpha and beta ranges.
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Fig. 6. ERSP results for five vowels under three experimental conditions.

Minimal changes were observed in the theta (4—8 Hz) and
Gamma (30-35 Hz) bands. Although vowel-specific variations
were present, the overall spectral patterns were largely consis-
tent across vowels.

In the Imagery condition (Fig. 5(b)), spectral patterns
similar to those in the Listening condition were observed.
The alpha (8-12 Hz) and beta-I (12-15 Hz) ranges again
constituted the primary contributors, with the most pronounced
increases occurring in the high-alpha and beta-I bands. As in
the Listening task, these modulations were localized to bilat-
eral temporal regions, particularly around electrode CPP5h
(Wernicke’s area) and CPP6h, with a right-hemispheric pre-
dominance.

By contrast, in the Control condition (Fig. 5(c)), none of the
examined frequency bands showed significant power changes.

Taken together, these findings suggest that the alpha and
beta-I frequency bands are the dominant contributors to task-
related power modulations. The regions of interest (ROIs) for
subsequent analyses were defined as the left temporal area,
Wernicke’s area (CPP5h), the right temporal area, and CPP6h,
the right-hemispheric homolog of Wernicke’s area.

C. ERSP Analysis

ERSPs were computed within the predefined ROIs as shown
in Fig. 6. Electrodes in the left and right temporal regions were
averaged to represent the ERSP of each corresponding region.
Power increases, hereafter termed event-related synchroniza-
tion (ERS), are shown in red, whereas power decreases,
referred to as event-related desynchronization (ERD), are
shown in blue.

In the Listening condition, two transient low-frequency ERS
responses were observed following each sound onset across
all five vowels, consistent with the ERP results. In addition,
all vowels exhibited sustained ERS predominantly within the
alpha and beta-1 frequency ranges (8—15 Hz) throughout the
task period, with more vigorous activity in the right hemi-
sphere.

In the Imagery condition, transient ERS responses time-
locked to the first auditory stimulus were observed. In contrast
to the Listening condition, no sustained ERS was detected
immediately after the first stimulus in the alpha and beta-I
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\ \
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| | |
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| — ]
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ranges. Instead, robust ERS emerged during the imagery
interval (~2 s), concentrated in the 10-15 Hz range, showing
a clear right-hemispheric predominance. Although shorter in
duration than in Listening, the sustained ERS patterns observed
during the task period (2.0-3.5 s) closely resembled those of
the Listening condition.

In the Control condition, only transient ERS responses time-
locked to the first auditory stimulus were observed, while no
sustained ERS was detected throughout the task period. This
absence of task-related ERS suggests that the oscillatory activ-
ity observed in the Listening and Imagery conditions reflects
task engagement rather than nonspecific auditory responses.

D. Statistical Analysis

Within the task window (2.0-3.5 s), ERSP values were
extracted from eight predefined frequency bands and compared
across the Listening, Imagery, and Control conditions. Analy-
ses were performed both within the cortical regions defined in
Fig. 2 and at the channel level. A one-way repeated-measures
ANOVA was applied to evaluate the overall effects. Where
significant main effects were identified, post hoc pairwise
comparisons were performed to detect condition-specific dif-
ferences. Multiple comparisons over regions or channels were
corrected using the Benjamini—-Hochberg (BH) false discovery
rate (FDR) method.

1) Brain-Region Analysis: Fig. 7 presents the results for
all eight brain regions within the beta-I band (12-15 Hz).
Light color denotes Imagery, dark color denotes Listening,
and black denotes Control. The y-axis represents the power
change relative to baseline, and the x-axis corresponds to the
eight brain regions.

When comparing Imagery with Listening, no statistically
significant differences were found across vowels, suggesting
that both tasks elicited similar power changes in the beta-I
band during the task period. In contrast, significant differences
were found when either Imagery or Listening was compared
with the Control condition, particularly in the right temporal
region and at CPP6h. In the Control condition, which involved
minimal cognitive engagement, power changes remained near
zero across all regions. By comparison, both Listening and
Imagery produced marked power increases relative to Control,
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Fig. 7. Statistical analysis in the beta-| frequency band across eight brain regions for five vowels under three conditions.

indicating distinct neural activations within the beta-I band.
Similar patterns were observed in the low-alpha and high-
alpha bands, whereas effects were less pronounced in other
frequency bands. Complete statistics, including p-values for
each frequency band, are provided in the Supplementary.

2) Channel-Level Analysis: Channel-level differences were
visualized using topographical p-value maps for both time-
segmented and frequency-segmented analyses. For the time-
segmented analysis, frequency bands were restricted to the
alpha and beta-I ranges (8—15 Hz). In the frequency-segmented
analysis, the time window was fixed at the task-related interval
(2.0-3.5 s). For clarity, the color bar was restricted to 0-0.05,
with darker blue indicating greater statistical significance and
white denoting non-significance.

Fig. 8 illustrates the time-segmented results. When compar-
ing Listening with Control (Fig. 8(a)), significant differences
were observed from 0.5 s until the end of the task, most
prominently in the temporal regions and at electrode CPP5h
and CPP6h, with more potent effects in the right hemisphere.
This pattern aligns with the two auditory onsets in the Lis-
tening condition: the first significant interval (~0.5-2.0 s)
corresponded to the initial auditory presentation, whereas the
second significant interval (~2-3.5 s) reflected the second audi-
tory stimulus. By contrast, no significant differences appeared
after the first stimulus when comparing Imagery with Control
(Fig. 8(b)). As imagery was initiated around 2 s, significant
differences emerged during the imagery period (2.0-3.5 s),
with some vowels showing earlier onsets (~1.5 s), possibly
reflecting early initiation of imagery in certain participants
(see Discussion). Detailed channel-wise p-values are provided
in the Supplementary.

Comparison between Listening and Imagery (Fig. 8(c))
revealed no significant differences before 2 s, despite the
expectation that the two conditions would diverge after
the first auditory stimulus. Uncorrected p-values indicated
apparent differences around the right temporal region and
CPP6h. However, after FDR correction, most values exceeded
0.05, indicating only marginal significance. Consequently, no
reliable effects were observed in the topographical maps.
Complete p-values are provided in the Supplementary.

Fig. 9 shows the results of the frequency-segmented
analysis within the task-related window (2.0-3.5 ).
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Fig. 8. Time-segmented p-value topographical maps showing results in
the frequency range from Alpha to Beta-| for three comparison groups:
(a) listening vs. imagery; (b) listening vs. control; (c) imagery vs. control.

When each task was compared with the Control
condition, significant differences emerged in the low-
alpha, high-alpha, and beta-I ranges, particularly in the
temporal regions and at electrode CPP5h and CPP6h,
with stronger effects in the right hemisphere. Vowel-
specific effects included significant differences in beta-II
(15-20 Hz) for /u/ and /o/ (Listening), and for /fu/, /e/,
/o/ (Imagery), with Je/ additionally showing significance in
the beta-IIl band (20-25 Hz). In contrast, no significant
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Fig. 9.  Frequency-segmented p-value topographical maps showing
results in the task-related window (2-3.5 s) for three comparison groups:
(a) listening vs. imagery; (b) listening vs. control; (c) imagery vs. control.

differences were found between Listening and Imagery
(Fig. 9(c)). Complete channel-wise statistics are provided in
the Supplementary.

Taken together, these findings suggest that Listening and
Auditory Imagery share highly similar neural characteristics,
as reflected by the absence of significant differences during
the task period. Both tasks elicited significantly greater power
increases than the Control condition, especially within the
alpha and beta-I bands. These effects were most prominent
in the temporal regions and at electrodes CPP5h and CPP6h,
with more vigorous activity in the right hemisphere.

E. Classification

All classifications were performed in a subject-dependent
manner, with one model trained per participant using five-fold
cross-validation. Performance was evaluated using macro-
averaging across classes with balanced class weights, and
results are reported as mean =+ SEM across subjects.
Detailed subject-wise results, standard deviations, p-values,
Cohen’s d values, and sample numbers are provided in the
Supplementary.

1) 3-Class Classification: A three-class classification task
was first conducted, following the design of a previous study
[12], using /a/, /i/, and Control as classes. Four baseline

n=10
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60 14000 078
i
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Fig. 10. Three-class classification results of four baseline models using
two methods (lighter bars: /—/ and darker bars: L—/). Colors indicate
classifiers: SVM (red), Logistic Regression (green), XGBoost (blue), and
EEGNet (purple).

models were evaluated: Filter Bank Common Spatial Pattern
(FBCSP) + Support Vector Machine (SVM), FBCSP + Logis-
tic Regression, Wavelet Scattering Transform (WST) + Kernel
Principal Component Analysis (KPCA) + eXtreme Gradi-
ent Boosting (XGBoost) [38], and EEGNet. The frequency
bands were defined as low-alpha, high-alpha, beta-I, beta-II,
beta-1II, and beta-IV, while theta and gamma were excluded
due to minimal task-related activations in these ranges. To
minimize the influence of the first auditory stimulus, only the
task-related window (2-3.5 s) was used as input.

Two training—testing paradigms were compared: (i) the
conventional approach, training and testing on imagery data
(Imagery—Imagery, I—I), and (ii) the proposed approach,
training on listening and testing on imagery (Listen-
ing—Imagery, L—I). In I—I, imagery data were split into
five folds (80% training, 20% testing). In L—I, the same
imagery test folds were used, while listening data were also
split into five folds, with fold-specific 80% listening data used
for training.

Fig. 10 presents the classification accuracy for the two
methods (/-1 and L—1). All classifiers achieved performance
above chance level in both settings. Among them, SVM
yielded the highest performance across accuracy, precision,
and recall, with accuracies of 49.00 £+ 0.78% for I—1I and
5482 £ 0.76% for L—I. Paired t-tests were conducted
to compare the two settings within each model, with FDR
correction across the four classifiers. No statistically significant
differences were observed between /—1 and L—/ for any clas-
sifier, except for SVM, which showed significant differences
in accuracy (p = 0.0047, Cohen’s d = 2.01), precision (p =
0.020, Cohen’s d = 1.1), and recall (p = 0.00027, Cohen’s
d = 2.75), with higher performance in L—1 than in /—1.

At the individual level, SVM consistently ranked highest.
One-sided permutation tests (n = 1000) confirmed that accu-
racies were statistically significant after FDR correction across
all participants (p < 0.05).

Overall, models trained solely on listening data achieved
accuracies comparable to those reported in a prior study that
combined fMRI with EEG [12] (= 58%). These results support
comparable performance between L—1 and I—1.

2) Binary Classification: Next, a binary classification task
was conducted on all vowel pairs to examine whether the
substitution effect varied across different vowels. The results
are shown in Fig. 11. SVM was employed as the classifier,
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Fig. 11. Binary classification results for all vowel pairs (five vowels,
ten pairs): (a) accuracy, (b) precision, and (c) recall. Colors indicate
vowel pairs, with black bars representing mean performance; lighter and
darker bars denote /—/ and L—/, respectively.

with parameters optimized individually using a grid search:

C €{0.1,1,10, 100}, kernal € {linear,rbf, poly},

y = scale

For each outer fold, hyperparameter optimization was per-
formed using an inner 5-fold cross-validation within the
training data only. The held-out test fold was not used during
model selection or tuning. Paired t-tests were performed for
each vowel pair with FDR correction for all pairs. A separate
paired t-test was conducted on the mean values.

For most vowel pairs, no significant differences were
observed between the two methods. However, performance
varied across specific combinations. Significant differences in
accuracy, precision, and recall were found for /a/-/u/, [i/-/e/,
and /u/—/o/. Additional effects were observed for /u/—/e/ in pre-
cision and fi/~/u/ in recall, with the L—1I outperforming I—1.
At the group level, L—1 significantly outperformed /—1 across
all metrics: accuracy (59.89 = 0.51% vs. 57.88 £+ 0.53%),
precision (61.68 £ 0.64% vs. 58.55 + 0.63%), and recall
(59.54 £ 0.55% vs. 57.39 £ 0.55%). These results suggest
that listening data may enhance the classification of imagery
signals, although the degree of improvement varies across
vowels. Notably, for /fi/~/o/, I—I yielded better performance
than L—1, contrary to the general trend.

To further investigate the effects of L—/ transfer, improve-
ments were quantified for each vowel pair (Fig. 12). The
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Fig. 12. Improvements in classification results for different vowel pairs,
from I—=/to L—I.
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Fig. 13.  Individual performance for vowel pairs with the highest
improvement (/u/—/o/, red) and the greatest decrease (/i/—/o/, blue)
across accuracy, precision, and recall.

color scheme is consistent with Fig. 11. The fu/-/o/ pair
showed the most significant improvement, with gains of
6.31 + 2.21% in accuracy, 7.94 =+ 1.94% in precision,
and 7.05 =+ 2.14% in recall. These results indicate that,
in the binary classification, training on listening data can
yield improvements exceeding 5% for specific vowel pairs,
representing a substantial enhancement. In contrast, for /fi/—/o/,
listening-based training reduced performance (—1.49 + 2.27%
in accuracy, —2.63 £ 1.97% in precision, and —1.47 &+ 2.42%
in recall). These findings suggest that the benefit of L—I
transfer may depend on vowel-specific acoustic features.

Finally, individual performances were examined for two
vowel pairs:/u/—/o/, which showed the largest improvement,
and /i/-/o/, which showed a decrease. The results are illustrated
in Fig. 13. For /u/—/o/, all participants exhibited improve-
ments when trained on listening data, suggesting that listening
enhanced model performance consistently across individuals.
In contrast, for /i/~/o/, most participants showed decreased
performance under the same condition. These patterns may
be related to vowel-specific phonetic characteristics in the
auditory domain (see Discussion).

Taken together, the binary classification results suggest that
Listening can serve as an effective surrogate for Imagery
in model training and, in some cases, may even enhance
classification performance. However, this effect appears to
depend on vowel-specific characteristics.

3) 5-Class Classification: We further extended the analysis
to five-class vowel classification as an exploratory analysis.
Due to the increased complexity of this task, SVM did not
achieve performance above the chance level. Therefore, we
employed EEGNet and introduced a data augmentation step
before model input. Specifically, the train—test split was first
performed at the trial level, after which a 500-sample (1 s)
sliding window with a stride of 125 samples (0.25 s) was
applied separately within the training and test sets. In addition
to /=1 and L—I, we incorporated a variational autoencoder
(VAE) for signal reconstruction, following the approach of
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Fig. 14. Five-class classification results of three methods (/—/, L—,
and VAE) across accuracy, precision, and recall. Gray, yellow, and blue
bars denote /—/, L—/, and VAE, respectively.
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Fig. 15. Confusion matrices for the best-performing and worst-
performing subjects using three methods (/—/, L—/, and VAE).

a previous study [39]. Whereas the prior work focused on
reconstructing motor execution signals from motor imagery,
we adapted the method to reconstruct listening signals from
auditory imagery. In this framework, the training set con-
sisted of both reconstructed and imagery signals. To limit
sample-size imbalance, the VAE stream used a 500-sample
window length and a 250-sample (0.5 s) stride. Five-fold
cross-validation was applied, with identical test sets across
methods. Detailed information on model architectures and
training parameters is provided in the Supplementary.

The results of the five-class classification are shown in
Fig. 14. All methods performed above chance level, with the
VAE model achieving the highest accuracy (30.94 £+ 1.61%).
However, no significant differences were observed in any
pairwise comparisons. McNemar’s tests for the VAE model
indicated p< 0.05 for all participants except Subject 4 (p =
0.298), Subject 5 (p = 0.085) and Subject 10 (p = 0.053).
P-values were FDR-corrected across all participants. Confu-
sion matrices comparing /—/1 and VAE models for the best
(Subject 8) and worst (Subject 4) subjects further illustrate
this variability (Fig. 15).

Overall, the five-class results should be interpreted as
exploratory rather than as primary evidence supporting the
proposed paradigm. Given the small sample size and the
complexity of five-class decoding, the present dataset may
be insufficient to train models capable of achieving high and
consistent classification accuracy. Such variability and five-
class complexity highlight both individual differences and
the need for more robust, generalizable models for auditory
imagery decoding (see Discussion).

IV. DISCUSSION
A. Mechanistic Interpretation of L— | Improvement

In the 3-class classification using SVM, L—I significantly
outperformed I—1 (54.82% vs. 49.00%, p = 0.0047, Cohen’s
d = 2.01). This result indicates that, under certain condi-
tions, L—1 transfer is not merely comparable to conventional
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Fig. 16.  Auditory formants F1 and F2 for the five vowels: (a) results
from a previous study [40]; (b) our stimuli.

imagery-based training but may improve classification per-
formance. This finding is theoretically important because it
suggests that models trained on a different but related cognitive
state can capture neural features useful for decoding auditory
imagery.

A possible explanation is that listening trials provide more
reliable training data than imagery trials. Although listening
and auditory imagery may share partially overlapping neu-
ral representations, listening is externally driven and may
therefore produce responses with a higher signal-to-noise
ratio, greater temporal consistency, and lower intra-subject
variability. In contrast, auditory imagery is internally generated
and may vary across trials depending on imagery vividness,
attention, and strategy. Thus, training on listening data may
allow the classifier to learn more robust related features that
can be transferred to imagery decoding.

The binary classification results further suggest that this
benefit may depend on vowel-specific acoustic characteris-
tics. The largest improvement was observed for the /u/—/o/
pair, which represents acoustically similar vowels, whereas
the smallest improvement was observed for the /i/—/o/ pair,
which has more distinct formant separation in the F1-F2
space shown in Fig. 16. This pattern suggests that listening-
based training may be particularly helpful when imagery-based
features are weak and vowel categories are acoustically close,
while leaving less room for improvement when vowels are
already acoustically distinct.

Future studies should directly examine this hypothesis by
quantifying signal-to-noise ratio, trial-to-trial variability, and
feature-space similarity between listening and imagery condi-
tions, and by systematically comparing acoustic distances with
classification outcomes.

B. Active and Reactive BCI Systems

This study explored the use of listening signals as a sur-
rogate for auditory imagery, effectively combining a reactive
approach with an active paradigm. Reactive BClIs, such as
those based on P300 or steady-state visual evoked poten-
tials (SSVEP), are often considered easier to use because
they require less training or calibration [16], [41]. However,
their reliance on external stimuli for every output limits
flexibility and independence, reducing practicality in daily
communication [1]. By contrast, active BCIs require more
intensive pre-training but ultimately provide greater autonomy.
This trade-off between usability and independence remains a
central challenge for translating BCI research into real-world
applications [18]. Our findings suggest that listening signals
may serve as a reactive proxy to enhance the decoding of
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Fig. 17. Power suppression in Subject 1 before the onset of imagery,
shifting to ERS during the imagery task.

active auditory imagery, offering a promising direction for
future hybrid BCI applications.

C. Power Suppression

In both the time-segmented topographical and ERSP anal-
yses, imagery showed little power modulation during 0-2.0 s,
which we interpret as preparatory power suppression. Prior
studies reported suppression of auditory cortical activity pre-
ceding spontaneous speech [42] and an @ ERD that transitions
to @ ERS extending into low-8 during speech production [43];
similar suppression has also been observed in inner speech
[24]. Our data exhibit a comparable « ERD—ERS transition
at imagery onset.

Fig. 17 illustrates the ERSP results for Subject 1 on the
T7 channel. During Listening, ERS was observed across the
entire task, reflecting auditory perceptual features. By contrast,
an ERD was evident during Imagery before 2 s, which
then transitioned to ERS as imagery began. At the group-
level, the Imagery condition did not exhibit pronounced ERS
immediately after the first external stimulus, likely reflecting
the overlap of two opposing processes: ERS driven by the
auditory perception and ERD driven by power suppression.
Although prior studies investigated overt speech [42], [43]
or inner speech [24], the similarity of the observed pattern
suggests that power suppression may represent a fundamental
mechanism of auditory processing, extending beyond motor-
related tasks to auditory imagery.

D. Hemispherical Dominance

Hemispheric lateralization plays a role in auditory and
speech imagery, but—unlike hand dominance, which is easily
assessed—auditory or speech dominance is more challenging
to determine. Prior studies have reported individual variability
in lateralization within language networks [44], [45], and
candidate determinants such as sex and handedness remain
inconclusive [46].

In our individual-level analyses, hemispheric differences
were observed but were less pronounced than those typically
reported in motor imagery dominance. No participants dis-
played opposite lateralization; all exhibited bilateral engage-
ment, with most showing relatively stronger activation in the
right hemisphere. This pattern is consistent with a previous
report [47], which suggests that the left hemisphere is more
involved in auditory perception and temporal processing,
whereas the right hemisphere is more engaged in timbre and
spectral processing.

Our task design may have accentuated this effect. To min-
imize semantic influences, we used Japanese vowels rather
than full sentences, thereby focusing on acoustic features. In
addition, male participants listened to or imagined a female
voice, which likely emphasized timbre-related processing.
These factors may account for the stronger right-hemispheric
activations observed in our study.

E. Future Directions

As proof of concept, several avenues remain open for future
research. First, future studies may explore larger datasets and
more advanced architectures, such as contrastive learning [48],
[49] or gradient reversal layers (GRL) [50], to enhance feature
learning. Second, extending beyond the within-subject design,
cross-subject validation would help improve generalizability
and address inter-individual variability, which remains a cen-
tral challenge in BCI research. Third, refining experimental
protocols to achieve more precise alignment of imagery onset
could improve temporal precision, especially for complex
models. Finally, expanding investigations beyond vowels to
include consonants would provide a more comprehensive
understanding of speech-related auditory imagery.

V. LIMITATIONS

This study has several limitations. First, the sample size
was small (N = 10), and all participants were healthy young
male individuals from a single institution and within a narrow
age range. In addition, the study employed a within-subject
design. These factors limit the generalizability of the findings,
particularly to clinical populations such as individuals with
locked-in syndrome (LIS).

Second, all participants were instructed to imagine a female
voice. While this design helps standardize the imagery target
and reduce variability, it may limit generalizability across
sexes, voice types (e.g., male voices), and self-voice imagery.

Third, for the purpose of neuroscientific characteriza-
tion, topographical maps were computed using the entire
dataset, which is commonly used for visualizing overall neural
response patterns. However, the classification time window
(2.0-3.5 s) was subsequently selected based on these time-
segmented topographical maps derived from the same dataset.
This procedure introduces a methodological limitation, as it
may lead to data leakage or optimistic bias due to the use of the
same dataset for both feature selection and model evaluation.

Finally, the dataset size and model capacity may have been
insufficient for more complex tasks such as five-class clas-
sification, which showed substantial inter-subject variability
and only modest performance above chance level. This may
be due to the increased task complexity, limited dataset size,
and potential temporal misalignment of imagery onset across
trials, which could affect feature learning, particularly in short
analysis windows.

VI. CONCLUSION

We presented a hybrid training paradigm for EEG
speech—imagery BCls, training on passive listening and testing
on auditory imagery. Unlike prior studies [5], [6], [7], [8],
[9], [10], [11], [12], [13], [14] that relied solely on imagery
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data, our approach reduces reliance on imagery collection. To
our knowledge, this is the first EEG study to systematically
validate Listening—Imagery decoding across multiple vowels,
combining neural characterization with classifier evaluation.
Our results indicate that (i) Listening and Auditory Imagery
share similar activation patterns, suggesting overlapping neural
representations; (ii) the L—I achieves comparable or better
classification performance than the conventional /—1, sug-
gesting that listening may serve as a surrogate for auditory
imagery in EEG-based BCI training; and (iii) the improvement
observed in the binary classification setting varies across
vowels, suggesting that decoding performance may depend on
vowel-specific auditory features.

These contributions provide proof-of-concept evidence that
listening-based training may serve as a practical alternative to
imagery-only calibration within the tested setting, reducing the
pre-training burden that hinders active BCI adoption. However,
as a first step, this study was conducted with a small sample
of healthy young male participants from a single institution
and within a narrow age range. Therefore, future work should
validate this approach in larger, more diverse cohorts, includ-
ing target clinical populations, and further explore stronger
models, improved temporal alignment, and cross-subject gen-
eralization to enhance its applicability in clinical and assistive
settings.
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