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Abstract

Mental imagery provides a unique window into the brain’s ability to internally simulate sensory experiences, offering valuable
insights for both cognitive neuroscience and brain-computer interface (BCI) research. This study examined the neural representa-
tions of imagined auditory and visual stimuli using magnetoencephalography (MEG) and assessed the ability of machine learning
models to decode these mental processes. MEG data were recorded from 18 right-handed participants during auditory and visual
imagery tasks and source reconstructed within modality-specific cortical regions of interest. We compared a convolutional neural
network (CNN) and a linear logistic regression model within a subject-specific classification framework. Both approaches
achieved above-chance decoding accuracies, with the CNN outperforming the linear model in both tasks, yielding a mean
decoding accuracy of >70% for the visual imagery task. Notably, the CNN achieved significant decoding performance even
when trained on nontask-relevant cortical regions, indicating that imagined stimuli are represented in distributed and partially
overlapping neural networks across modalities. This cross-modal decoding capability highlights the potential of deep learning
models to capture complex, multimodal neural patterns and suggests that future brain-computer interfaces could benefit from
integrating auditory and visual information. These findings advance our understanding of cross-modal mental imagery and point
toward more flexible and personalized approaches in BCI design.

NEW & NOTEWORTHY By comparing linear and deep classifiers, this work shows that convolutional networks capture rich,
cross-modal neural representations of auditory and visual mental imagery in magnetoencephalography (MEG). Significant decod-
ing from nontask-relevant regions indicates distributed cortical engagement, highlighting deep learning’s potential for robust,
modality-independent brain-computer interfaces.

imagined speech; magnetoencephalography; memory; neural decoding; visual imagery

INTRODUCTION

Neurological disorders such as amyotrophic lateral sclero-
sis (ALS) or severe brain injury can lead to locked-in syn-
drome, a condition in which individuals retain full cognitive
function but lose voluntary muscle control. For these
patients, brain-computer interfaces (BCIs) offer a means of
communication and interaction independent of motor out-
put (1, 2). BCIs translate neural activity into control signals for
external devices such as communication aids or prosthetic
systems, thereby improving autonomy and quality of life.

Conventional BCIs often rely on motor imagery or stimu-
lus-driven paradigms that require sustained attention and
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extensive user training (3, 4). Additionally, many BCIs
require users to spell words letter by letter or imagine move-
ments for every command, leading to high cognitive effort.
Most systems also suffer from a low information transfer rate
(ITR), making them inconvenient for regular use (4). As a
more natural and intuitive alternative, decoding inner or
imagined speech, the silent internal rehearsal of words or
phrases, has gained increasing interest (5, 6). Neural activity
during inner speech engages brain regions involved in overt
speech perception and production, particularly in temporal
and frontal cortices (6, 7), making it a promising signal
source for a more seamless and user-friendly communica-
tion system.
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In parallel, visual imagery, the internal generation of men-
tal images, has also been explored as a complementary
modality for BCI control (8). The human brain allocates
extensive cortical resources to vision and can extract com-
plex scene information rapidly (e.g., within 150 ms) (9), mak-
ing visual imagery a fast and robust channel for representing
perceptual content. This efficiency and capacity for detailed
visual representation motivate the use of visual imagery as a
promising modality for BCI control. Importantly, recent neu-
roimaging studies have shown that auditory and visual
imagery are not fully independent processes: visual areas
can become active during inner speech, and auditory or lin-
guistic regions may be recruited when processing visual
scenes (7, 10). This functional overlap suggests that mental
imagery involves distributed and cross-modal neural repre-
sentations rather than strictly segregated modality-specific
networks.

Cross-modal representations, whereby information from
one sensory modality is decodable from brain regions not
traditionally associated with that modality, are now well
established in multisensory and cognitive neuroscience
research. It is broadly recognized that unisensory informa-
tion is not confined to preferred sensory cortices or higher
multisensory association areas, but can be found throughout
the cortex (11). Consistent with this view, several neuroimag-
ing studies have demonstrated cross-modal decoding of
both perceived and imagined stimuli: Vetter et al. (12)
showed that both presented and imagined auditory informa-
tion can be decoded from early visual cortex using functional
MRI (fMRI). More recently, Pollicina et al. (13) decoded
semantic sound categories from visual cortex, and Gu et al.
(14) demonstrated cross-modal representations in both early
visual and auditory cortices using multi-voxel pattern analy-
sis. Using electroencephalography (EEG), Iamshchinina
et al. (15) resolved the time course of visual and auditory
object categorization, highlighting that MEG and EEG offer
unique advantages over fMRI through their high temporal
resolution. A key strength of the present MEG study com-
pared to prior fMRI work is precisely this temporal resolu-
tion, which in principle allows the time course of imagery-
related neural reactivation to be tracked. Supporting the
equivalence of auditory and visual imagery as BCI chan-
nels, Lee et al. (16) reported comparable imagery inten-
sities between auditory and visual tasks, indicating that
both modalities may serve as equally viable channels for
neural communication.

Several studies have explored the decoding of neural sig-
nals and the application of machine learning techniques in
brain-computer interfaces. Marion et al. (17) explored EEG
responses to imagined music and demonstrated that imag-
ined neural signals can be predicted accurately through
regression analyses. The model outputs were robust enough
to allow for precise identification of the imagined musical
piece. Similarly, Kosmyna et al. (8) also analyzed the decod-
ing of electroencephalographic signals during imagery tasks,
yet focusing on visual instead of auditory imagination.
Given that EEG-based BCIs cannot only differentiate
between visual observation and visual imagery tasks but also
distinguish between different observed stimuli, the visual
modality shows a promising potential to expand BCI control
strategies (7, 8, 16).
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Decoding such distributed activity patterns requires
recording methods with high temporal and spatial precision.
While EEG has traditionally dominated BCI research due to
its portability and applicability in real-world settings (17-19),
its limited spatial resolution constrains the identification of
distributed neural sources. Magnetoencephalography (MEG)
offers a powerful alternative, providing millisecond temporal
accuracy and precise spatial localization (20). These proper-
ties make MEG particularly suited for capturing the complex,
time-frequency dynamics of imagined speech and visual
imagery (10). Findings by Dash et al. (1), for instance, demon-
strated the feasibility of decoding both imagined and spoken
phrases directly from noninvasive MEG signals using
machine learning approaches. Although MEG necessitates a
complex measurement system and a magnetically shielded
room, making it infeasible for real-world BCI applications, it
can hence aid in guiding BCI research by identifying suitable
neural response patterns.

In the present study, we recorded MEG data while partici-
pants performed auditory and visual imagery tasks. To
assess the decoding of imagined content, we trained two
complementary classifiers: a linear logistic regression model
and a convolutional neural network. The convolutional neu-
ral network (CNN) was chosen for its ability to extract multi-
scale spatial-temporal patterns and its demonstrated success
in imagined speech decoding (1). Our primary goal was to
evaluate how well each model decodes auditory and visual
imagery from MEG data and to determine whether decoding
generalizes beyond task-relevant cortical regions, thereby
testing for cross-modal representations. Additionally, it is a
well-known fact that people have diverse cognitive preferen-
ces for learning, utilizing distinct sensory modalities to opti-
mize information acquisition and comprehension (21).
Hence, we wondered whether preferred learning styles and
memory capacities can be quantified using the decoding
accuracies of the neural signals. We explored whether decod-
ing accuracy relates to individual cognitive styles, as
assessed by the visual, auditory, read-write, and Kinesthetic
(VARK) questionnaire (21) and a modality-specific memori-
zation test. Together, these analyses aim to advance our
understanding of distributed neural processing during men-
tal imagery and to inform future BCI designs that leverage
multimodal and individualized decoding strategies.

MATERIALS AND METHODS
Data Acquisition

A total of 18 healthy, right-handed individuals (9 male and
9 female; 19-31 yr) without hearing impairments took part in
the study. Participants with visual impairments performed
the task with corrected-to-normal vision. The study was
granted ethical permission by the ethics board of the
University Hospital Erlangen (Registration 22-361-S). The
experiment lasted 1 h and consisted of auditory and visual
stimuli.

Auditory stimuli comprised three German abstract nouns:
Ehre (honor), Absicht (intention), and Idee (idea). They were
carefully chosen for their similar length (all consisting of 2
syllables), distinct initial vowels, and low potential to evoke
visual associations. The three words were synthesized using
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an artificial intelligence (AI)-based text-to-speech system
(Google Text-to-Speech, female German voice). Visual stim-
uli consisted of three color-distinct images: a yellow star, a
red heart, and a green-brown tree. Both visual and auditory
stimuli were presented visually on a screen positioned at
face height at a viewing distance of ~100 cm. Importantly,
the auditory stimulus words (Ehre, Absicht, and Idee) were
presented as written text on the screen, and participants
were instructed to imagine pronouncing the word after it
was presented. No auditory stimulation was used during the
experiment. The block structure, illustrated in Fig. 1, was
inspired by earlier imagery research (1, 8, 19) and consisted
of auditory as well as visual blocks.

In one trial of an auditory block, the participants first
entered a 1-s concentration phase to focus on the upcoming
sound, followed by a 1.5-s stimulus presentation. They then
engaged in 2.5 s of auditory imagery, mentally rehearsing
the word they had read. This was followed by 1 s of relaxation
and 2 s of rest before the next trial. Each of the 3 words was
presented 15 times per block, yielding 45 trials per block and
resulting in 225 auditory trials in total per participant after
completing 5 auditory blocks. The presentation order of the
words was randomized in each block.

Each trial in the visual block began with a 1-s concentra-
tion phase as well, after which the image was displayed for
4 s. Participants then spent 4 s visualizing the image as viv-
idly as possible while avoiding verbal associations with
the corresponding object name (star, heart, and tree). A 5-s

One trial in the auditory block

Concentration phase
1s

Stimulus presentation
1.5s

t=0s t=1s

One trial in the visual block

Imagery phase

t=25s

relaxation period followed before the next trial. Each image
was shown 6 times per block, resulting in 18 trials per block
and 90 visual trials in total per participant after completing
the 5 visual blocks. The presentation order of the images was
randomized in each block.

Each session consisted of five auditory and five visual
blocks that were presented alternatingly. For half of the par-
ticipants, the session began with an auditory block followed
by a visual block and so on; the remaining participants
started with a visual block. Short breaks were provided
between blocks.

MEG recordings were obtained with a four-dimensional
(4-D) neuroimaging system (248 magnetometers) at the
University Hospital Erlangen, following the technical speci-
fications conducted within an earlier study by Schiiller et al.
(22). Three broken channels were excluded, yielding 245
channels for analysis. Data were recorded at a sampling fre-
quency of 1,017.25 Hz with participants lying supine, eyes
open, and an analog high-pass filter at 1 Hz was applied
online. A Polhemus-integrated digitizer recorded five ana-
tomical landmarks. Environmental noise was suppressed
using the manufacturer’s calibrated linear weighting algo-
rithm on 23 reference sensors. A stimulation computer inter-
faced with an external USB audio device providing five
analog outputs; two fed an audio amplifier, and one was
additionally routed to an MEG analog input channel. To
mark imagery onset and offset, inaudible 300-Hz, 0.01-s trig-
ger tones were generated and recorded via an analog audio

Relaxing phase
1s

Resting phase
2s

2.5s

t=5s t=6s

Concentration phase 1
1s

Concentration phase 2
2s

t=0s t=1s t=3s

Stimulus presentation

Relaxing phase
5s

Imagery phase
4s

4s

t=7s t=11s

Figure 1. Trial workflow for auditory and visual imagery tasks. Each trial in the auditory block began with a 1-s concentration phase, followed by a 1.5-s
word presentation, 2.5-s auditory imagery, 1-s relaxation, and 2-s rest. Each trial in the visual block began with a 1-s concentration phase, followed by a
4-s image presentation, 4-s visual imagery, and 5-s relaxation period. Auditory stimuli consisted of the 3 German abstract nouns Ehre (honor), Absicht
(intention), and Idee (idea). The visual stimuli comprised 3 color-distinct images (yellow star, red heart, green-brown tree).
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reference channel, enabling temporal alignment of the imag-
ined intervals with MEG signals. The participants’ heads
were recorded with a camera and monitored outside the
MEG chamber to control for head and facial movements.
Electrooculogram (EOG) activity was recorded to monitor
facial and lip movements, and no interference signals were
observed.

Finally, participants underwent magnetic resonance imag-
ing (MRI) to facilitate individual source reconstruction based
on each participant’s anatomical template. T1-weighted MR
images were acquired using a Siemens 3 T Magnetom Cima.X
scanner.

Learning Preferences and Memorization Tasks

Apart from MEG acquisition, on a different day, partici-
pants completed visual and auditory memorization tasks.
In the visual task, a 6 x 6 grid of white squares was pre-
sented on a computer screen. In each trial, seven ran-
domly chosen squares were sequentially highlighted in
red, after which participants were asked to reproduce the
sequence by clicking them in the correct order. A recalled
item was scored as correct only if both its identity and its
serial position matched the presented sequence. In the
auditory task, subjects heard a sequence of 7 syllables ran-
domly drawn from a set of 35, presented via earphones by
an Al-generated female voice (Google Text-to-Speech,
female German voice). Participants reproduced the
sequence by selecting the correct syllables from a dis-
played grid; again, both identity and serial position were
required for a response to be scored as correct. Both tasks
were performed five times resulting in five trials.
Performance was quantified through the auditory memori-
zation score MT, =" for the auditory memorization
task and the visual memorization score MTy, = % for the
visual memorization task, where ncorr,a and neorr v are the
number of correctly recalled syllables and squares,
respectively.

All stimulus presentations described above, including
the stimulus sequence during the MEG session and the
memorization tasks, were programmed in PsychoPy, an
open-source Python package for designing and running
experiments in behavioral and cognitive neuroscience (23).

In addition to the memorization tasks, participants
completed the VARK questionnaire, developed by (21),
which assesses individual learning preferences through 16
questions, with each offering four response options corre-
sponding to four modalities: visual (V), auditory (A), read/
write (R), and kinesthetic (K). The resulting four VARK
scores were calculated for each participant as follows:
VARK; = f—é where n; denotes the number of selected
response options and i = a, v, r, or k denotes auditory, vis-
ual, read/write, or kinesthetic, respectively. Table 1 depicts
the scores of the memorization tasks and VARK question-
naire, averaged across subjects.

Source Reconstruction

The acquired MR scans were processed using FreeSurfer
(24), and an aparc + aseg volume parcellation was applied to
the brain volumes. To localize the neural signals spatially,
the raw MEG data were source-reconstructed using a linearly
constrained minimum variance (LCMV) beamformer onto
regions of interest (ROIs) defined from each participant’s
individual MRI template. The LCMV beamformer was cho-
sen because it operates in the time domain and preserves the
full temporal structure of source signals, which was required
for the subsequent single-trial continuous wavelet trans-
form decomposition. A frequency-specific approach such
as dynamic imaging of coherent sources (DICS), while well
suited for spectral power analyses, does not readily yield
single-trial time-domain estimates compatible with our
classification pipeline. Two separate cortical ROIs, one audi-
tory and one visual, were created to target modality-specific
processing. ROIs were defined using the aparc + aseg par-
cellation in each participant’s native MRI space; the
source-reconstructed data were subsequently morphed to
the fsaverage brain template. The auditory ROI comprised
202 source points, and the visual ROI contained 107 source
points.

Preprocessing

MEG data preprocessing was carried out in MNE-Python
(25, 26). A 50-Hz notch filter was applied to remove power
line noise, and the data were resampled to 1,000 Hz using
MNE-Python’s built-in resample function, which applies a
zero-phase FIR low-pass filter at the Nyquist frequency of
the target sampling rate (500 Hz) before decimation as antia-
liasing. Given the minimal difference between the original
(1,017.25 Hz) and target (1,000 Hz) sampling rates, the effect
of resampling on the neural signal is negligible.

Individual imagery trials were segmented from the contin-
uous MEG signal using the trigger timestamps recorded in
the reference channel. For the main classification analyses
reported here, the full imagery phase was used: 0-2,500 ms
for the auditory task (2,500 temporal samples) and 0-4,000
ms for the visual task (4,000 temporal samples). All epochs
were time-locked to imagery onset, not stimulus onset,
ensuring that stimulus-evoked neural activity does not
directly contribute to the classification results. In a subse-
quent, independent analysis, we assessed the robustness
across different time windows within the imagery phase by
additionally training separate models on the first half (0-
1,250 ms for the auditory task; 0-2,000 ms for the visual
task) and second half (1, 250-2,500 ms for the auditory task;
2,000-4,000 ms for the visual task) of the imagery phase.

Data Augmentation

To increase the size and variability of the MEG data set while
preserving class labels, we applied a simple augmentation

Table 1. Mean scores of the memorization tasks and VARK questionnaire

MT, MT, VARK, VARK, VARK, VARK

0.29+0.15 0.59+0.14 0.45+0.18 0.54+0.17 0.36+0.14 0.47+0.21

Data are means + standard error. The subject-averaged auditory and visual memorization task scores (MT, and MT,) and the 4 visual,
auditory, read-write, and kinesthetic (VARK) modality scores (VARK,, VARK,, VARKy, and VARK,) are presented.

Mean score
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through temporal shifts to the source-reconstructed trials
(auditory: 225 x 202 x 2,500; visual: 90 x 107 x 4,000; trials x
source points x time points). For each trial, we created two
additional, time-shifted copies by shifting the signal forward
by 100 ms and 200 ms, respectively. This procedure was
inspired by the study of Dash et al. (1).

Shifting was implemented at the sample level (sampling
rate: 1,000 Hz) by removing the first n samples (correspond-
ing to the desired delay) and padding zeros at the end of
each trial. The original, 100-ms-shifted, and 200-ms-shifted
trials were then concatenated, tripling the number of trials
(auditory: 675; visual: 270). The class labels were duplicated
accordingly so that each augmented trial retained the correct
stimulus label.

Such temporal jittering also accounts for intertrial vari-
ability in participants’ reaction times and imagery onset,
thereby compensating for small temporal misalignments in
the data while effectively increasing the data set size. To pre-
vent data leakage, every original trial and its augmented cop-
ies (+100-ms and +200-ms time shifts) were assigned to
the same data split.

Feature Extraction

For each MEG trial (auditory and visual), we derived
time-frequency representations using a continuous wave-
let transform (CWT). We employed the Python library sci-
py.signal.cwt together with the Morlet wavelet morlet2 to
compute time-frequency representations of each MEG
trial. The CWT convolves the signal with scaled and
shifted Morlet wavelets, yielding complex coefficients
whose magnitude reflects signal power across frequencies
and time.

Single-channel signals were decomposed with complex
Morlet wavelets spanning 1-120 Hz on a logarithmically
spaced grid of 200 center frequencies (sampling rate 1,000
Hz). The wavelet parameter was set to w = 6, balancing tem-
poral and spectral resolution. The absolute values of the
complex coefficients were retained to yield amplitude scalo-
grams of shape (200 frequencies x T time points), where T =
2,500 for the auditory task and T = 4,000 for the visual task.
For the first and second half imagery phase analyses, T =
1,250 for the auditory task and T = 2,000 for the visual task.

This procedure was applied independently to each source
point signal, resulting in a set of channel-wise two-dimen-
sional scalograms per trial. Inspired by the approach of Dash
et al. (1), the individual channel scalograms were spatially
arranged into a single composite image representing the
time-frequency activity across all sources in the ROL. For the
auditory ROI (202 source points arranged in a 15 x 14 grid),
the composite image had dimensions (15 x 200) x (14 x T)
pixels before resizing, i.e., 3, 000 x 35,000 for the auditory
task (T = 2,500 or T = 1,250). For the visual ROI (107 source
points in an 11 x 10 grid), the pre-resize dimensions were
(11 x 200) x (10 x T) = 2,200 x 40,000 for the visual task (T =
4,000 or T = 2,000). The amplitude matrices were visualized
using the matplotlib viridis colormap, which maps low
amplitude values to dark violet/blue and high-amplitude val-
ues to yellow/green tones. These composite images were
saved as 1,000 x 1,000 x 3 arrays by bilinear interpolation,
where the three channels corresponded to the RGB-
encoded red, green, and blue components of the color-

J Neurophysiol « doi:10.1152/jn.00563.2025

mapped amplitude values. This RGB encoding increased
the dimensionality and complexity of the input, allowing
the deep neural network to exploit richer feature hierar-
chies during training. We note that collapsing source loca-
tion, time, and frequency into a single composite image
sacrifices direct interpretability: while gradient-based attri-
bution methods (e.g., GradCAM) were applied to the trained
models, the resulting activation maps did not yield neuro-
scientifically interpretable patterns due to the nonphysical
spatial layout of the composite images. Developing more
interpretable representations, for instance, applying sepa-
rate classifiers to predefined frequency bands, remains an
important direction for future work.

Model Variants

Data were analyzed using a within-subject design, with
separate models trained for each participant. Both ROIs
described above were used to examine task-specific neural
activity, resulting in two model groups. The first group used
source-reconstructed data from the task-relevant cortical
region (e.g., visual cortex for the visual task), ensuring that
model inputs matched the functional demands of the condi-
tion. The second group used data from the nontask-relevant
cortex (e.g., visual cortex for the auditory task). This setup
enabled us to assess the specificity of neural representations
and to reveal potential cross-modal activity.

Classification Frameworks

To evaluate both simple and complex decision bounda-
ries, we trained two complementary classifiers on the
wavelet-scalogram features: a regularized linear model
and a deep convolutional neural network. For the linear
model, the scalogram images (1,000 x 1,000 x 3) were con-
verted to single-channel grayscale, as the linear classifier
requires one-dimensional feature vectors rather than
multi-channel image data. The grayscale images were then
resized to 256 x 256 pixels to reduce computational load
and z-scored per image. This simple linear architecture
served as a baseline, assessing whether class information
could be separated by a linear decision boundary in fea-
ture space. The model will, in the following, be referred to
as LogReg. We performed a 70/15/15 split of data for train-
ing, validation, and testing, respectively. To prevent data
leakage, every original trial and its augmented copies
(+100-ms and +200-ms time shifts) were assigned to the
same set.

To capture more complex, nonlinear relationships in
the time-frequency representations, we used AlexNet (27).
AlexNet comprises stacked convolutional layers with nonlin-
ear activations and pooling, followed by fully connected
layers. This hierarchical architecture learns progressively
more abstract spatial features, from simple edges and fre-
quency contours to complex joint time-frequency motifs,
directly from the input images. Due to the MEG scalograms
being effectively two-dimensional time-frequency images,
AlexNet is particularly well suited to extract multiscale spatial
structure and detect discriminative oscillatory patterns across
sources and timescales. Importantly, Dash et al. (1) previously
demonstrated that AlexNet yields strong performance for
imagined speech decoding, providing additional justification
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for its use in the present study. The model will, in the follow-
ing, be referred to as CNN.

For input to the CNN, the scalograms were, as for the
LogReg model, resized to 256 x 256 pixels and normalized.
The network was initialized with ImageNet weights and fine
tuned employing the Adam optimizer using a learning rate
of 0.001 and a batch size of 64. We applied the same group-
ing strategy to the train, validation, and test splits as for the
linear classifier, guaranteeing that all augmented versions of
a given trial remained within a single split. Training pro-
ceeded for 30 epochs.

All networks were implemented using the PyTorch frame-
work in Python 3.12.2. Models were trained on an NVIDIA
RTX A5000 GPU with 24 GB RAM and CUDA 12.6.

Statistical Evaluation

To determine whether model accuracies were above
chance and to directly compare models, we performed one-
sample and paired-sample ¢ tests, with decoding accuracy as
the unit of observation aggregated at the participant level.
For each participant and condition, the mean decoding accu-
racy was tested against the theoretical chance level of 33%
(three-class problem) using a one-sample ¢ test. To assess
whether one classifier outperformed another, we used a
paired-sample t test comparing their accuracies across par-
ticipants. All tests were performed in the Python library
scipy (28), and significance was assessed at P < 0.05.

For the behavioral correlation analyses, linear mixed-
effects models (LMEs) were fitted separately for each model-
type-task-ROI combination, with decoding accuracy as the
dependent variable and the behavioral measures (MT,, MTy,
VARK,, VARK,, VARK}, and VARK,) as fixed-effect predic-
tors. Participant identity was included as a random intercept
to account for within-subject correlations. By considering all
combinations of classifier type (CNN or logistic regression),
task (auditory and visual), and ROI (task relevant or nontask
relevant), we obtained eight model-type-task-ROI combina-
tions. P values were corrected for multiple comparisons
using Benjamini-Hochberg false discovery rate (FDR) correc-
tion applied jointly across all six behavioral predictors within
each combination and across the eight combinations, yield-
ing a total correction for 48 comparisons. The behavioral
analyses are exploratory in nature, and results should be
interpreted accordingly.

RESULTS
General Model Performances and Regional Specificity

The mean accuracies of the model for the auditory and
visual decoding tasks are visualized in Fig. 2. The LogReg
models, as well as the CNN approach, were trained and eval-
uated once per participant for the whole imagery phase. We
trained one network per subject using functionally relevant
data and a second model using data from the nontask-rele-
vant ROI. The two investigated ROIs are shown in Fig. 2A.
This resulted in task-relevant models, namely for the audi-
tory task on auditory cortex (for both LogReg and CNN) and
for the visual task on visual cortex (for both LogReg and
CNN). We also computed nontask-relevant models, namely
for the auditory task on visual cortex (for both LogReg and
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CNN), as well as for the visual task on auditory cortex (for
both LogReg and CNN).

Figure 2B demonstrates the classification accuracies of the
CNN models and the LogReg models for the different con-
ditions. Significance annotations indicate whether per-
formance significantly exceeds chance. In Fig. 2B, the
classification accuracies of the CNN models and the LogReg
models are compared to the chance level (33%, three-class
classification). Figure 2B, left, depicts the data from the audi-
tory task, and in Fig 2B, right, the data from the visual task
are presented. The performances of the LogReg models are
shown in purple, and the CNN accuracies are shown in
orange. The darker purple and orange depict accuracies of
the models that were trained on the task-relevant ROI, and
the lighter purple and orange are the accuracies of the models
that were trained on the respective nontask-relevant ROI. All
models trained on data from the functionally relevant ROI
(dark purple and dark orange), on average, significantly
exceeded the chance level (33%). This was the case for both
the auditory and the visual tasks (Fig. 2B). For the CNN mod-
els, this difference was statistically significant with P < 0.001
for both tasks. The LogReg models also outperformed the
chance level with P < 0.05 (auditory task) and P < 0.01 (visual
task). Regarding the nontask-relevant ROIs, both the CNN
and the LogReg model accuracies significantly exceeded
chance level for the auditory task (CNN: P < 0.001; LogReg:
P < 0.01), indicating that auditory imagery representations
are decodable from both auditory and visual cortex. For the
visual task, the CNN significantly outperformed chance level
in both the task-relevant and nontask-relevant ROI (P <
0.001), whereas the LogReg model, on average, did not
exceed chance level in the nontask-relevant auditory ROL.

Comparing the models trained on the task-relevant ROI
with those trained on the nontask-relevant ROI, significant
differences were found for both models in the visual task
(LogReg: P < 0.05; CNN: P < 0.001, both Bonferroni cor-
rected), where the task-relevant models outperformed the
nontask-relevant models. No significant differences between
ROIs were found for either model in the auditory task.

LogReg versus CNN: Performance Evaluation

To compare the CNN-based approach with the linear
approach, we contrasted model accuracies of LogReg against
the CNN accuracies, concentrating on the task-relevant ROL.
As shown in Fig. 2B, in the auditory task, the CNN signifi-
cantly outperformed LogReg (P < 0.01, Bonferroni cor-
rected). In the visual task, the CNN likewise significantly
outperformed LogReg (P < 0.001, Bonferroni corrected),
reflecting the CNN’s superior ability to exploit the richer and
more stable neural representations present in the visual
imagery condition.

Model Performances during Auditory and Visual Tasks

When comparing the overall performance between data
from the auditory versus visual imagery task, we observed
superior decoding for the visual than for the auditory
imagery condition (Fig. 3). While all task-relevant models
significantly exceeded chance level, the CNN model for the
visual task significantly outperformed the CNN model for
the auditory task (Fig. 3, right, P < 0.001, two-sided paired

J Neurophysiol «+ doi:10.1152/jn.00563.2025

Downloaded from journals.physiology.org/journal/jn (080.143.161.151) on September 12, 2026.


https://doi.org/10.1152/jn.00563.2025

() CROSS-MODAL REPRESENTATIONS OF MENTAL IMAGERY

A
\ \\, o N ’V. Iy
‘;n, " 4 4 $ //~, ey */A K(
7 N ’\‘ ~
B
Model Accuracy vs. Chance
(Auditory Task)
1.0 -
Xk
0.9 1 n.s. n.s.
0.8‘ * Xk Kk ok Kk 3k
0.7 4
>
) —_
C 0.6 1
3
20.5- T -
0.4 4 iR
0.3 - 1
0.2
LogReg LogReg CNN CNN

on Auditory on Visual on Auditory on Visual

Model Accuracy vs. Chance
(Visual Task)

XXX
1.0 ' * U kK
09 . Xk n.s. XXXk XXk
0.8 +
> 0.7 A
O
e %
5 0.6 A _ T
O L
O
<C 0.5 A o
+1 [ il
== o
0.3 1 [ ]
0.2~ -4
LogReg LogReg CNN CNN

on Visual on Auditory on Visual on Auditory
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racies of the logistic regression model (LogReg; purple) and AlexNet [convolutional neural network (CNN); orange] models for auditory (left) and visual
(right) decoding tasks. Dark colors indicate models trained on the task-relevant ROI (auditory cortex for the auditory task; visual cortex for the visual task),
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t test). No significant task-related difference was observed
for the LogReg models (Fig. 3, left).

Decoding Accuracy across Imagery Time Segments

To characterize how decoding performance evolves across
the imagery period and to assess whether results depend on
the choice of time window, we trained models on three dif-
ferent segments. The first segment was the full imagery
phase (auditory: 0-2,500 ms; visual: 0-4,000 ms), of which
the results are already shown in Fig. 2B. Additionally, we
trained models on the first half (0-1,250 ms and 0-2,000 ms,
respectively), and on the second half (1,250-2,500 ms and
2,000-4,000 ms, respectively) of the imagery phase. Results
are shown in Fig. 4, organized by classifier (LogReg: Fig. 4,
top; CNN: Fig. 4, bottom), with task-relevant (Fig. 4, right,
solid) and nontask-relevant (Fig. 4, left, transparent) ROIs
shown side by side to facilitate direct comparison. For the
auditory task, all three time segments yielded above-chance
decoding for the CNN across both ROIs (Fig. 4, bottom left,
P < 0.001), and for the LogReg in the task-relevant and non-
task-relevant auditory ROIs (Fig. 4, top left, P < 0.05 and P <
0.01, respectively). For the visual task, the CNN significantly

J Neurophysiol « doi:10.1152/jn.00563.2025

exceeded chance level across all time segments and both
ROIs (Fig. 4, bottom right, P < 0.001), while the LogReg
exceeded chance only for the task-relevant visual ROI in the
full and first-half segments (Fig. 4, top right, P < 0.01).
Importantly, the second half of the visual imagery phase,
which contains no stimulus-evoked activity, yielded above-
chance CNN decoding in both task-relevant and nontask-rel-
evant ROIs, confirming that imagery-related neural repre-
sentations persist throughout the imagery period and are
not exclusively driven by stimulus-evoked activity.

The models trained on the task-relevant cortex did signifi-
cantly outperform the models trained on the nontask-rele-
vant cortex for the visual task and when the full imagery
period was considered only (Fig. 4, right). For all other mod-
els, we found no significant difference in performance when
comparing the task-relevant versus nontask-relevant cortex.

Correlation between Memorization Task Performance,
VARK Scores, and Model Accuracies

After evaluating the performance of the models in general,
we investigated putative correlations between the decoding
accuracies of the models trained on the full imagery phase
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Figure 3. Comparison of decoding performances between auditory and
visual imagination tasks. Mean classification accuracies of the logistic
regression (LogReg; left, purple) and convolutional neural network (CNN;
right, orange) models trained on task-relevant regions of interest (ROIs)
are shown. All models significantly exceeded the three-class chance level
of 33%. The CNN model achieved significantly higher accuracy in the vis-
ual task than in the auditory task (***P < 0.001, two-sided paired t test,
Bonferroni corrected), whereas no significant task-related difference was
observed for the LogReg models (n.s., not significant).

and the additional behavioral data, which indicated memory
capacity and individual learning preferences collected from
the subjects. We note that these analyses are exploratory in
nature, given the small sample size (n = 18) and the absence
of preregistered hypotheses; results should therefore be
interpreted with caution. We computed linear mixed-effects
regression models (LMEs), in which decoding accuracy
served as the dependent variable, and the memorization task
and VARK scores (MT,, MT,, VARK,, VARK,, VARK}, and
VARK,) served as fixed-effect predictors, with participant as
a random intercept. We performed this analysis for the
decoding accuracies of the LogReg as well as the CNN model
for both tasks, auditory and visual, on the task-relevant ROI
and also on the nontask-relevant ROI.

Figure 5A depicts the results for the auditory (Fig. 54, left)
and visual (Fig. 5A, right) classification tasks with the data
that was source-reconstructed in the task-relevant ROI (audi-
tory task data on auditory cortex and visual task data on vis-
ual cortex). The memorization task performances MT, and
MT, and the VARK scores were tested for dependency on the
LogReg accuracies (Fig. 5A, top) and on the CNN accuracies
(Fig. 5A, bottom). For the auditory task, the CNN accuracies
showed a significant positive association with the kinesthetic
VARK score (P < 0.001, FDR corrected across all 48 compar-
isons). No significant associations were observed for the vis-
ual task in the task-relevant ROI. The respective results for
the auditory and visual classification tasks with the data
reconstructed in the nontask-relevant ROI (auditory task
data on visual cortex and visual task data on auditory cortex)
can be seen in Fig. 5B. Here, no significant influence of
behavioral data on the model performance can be observed,
neither regarding the auditory task nor the visual task.
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DISCUSSION
General Model Performances and Regional Specificity

Both the logistic regression and CNN models trained on
task-relevant cortical regions achieved above-chance
decoding for both the auditory and visual imagery tasks,
confirming that modality-specific regions provide inform-
ative neural features for imagery decoding. Strikingly,
above-chance decoding was also observed for models
trained on nontask-relevant regions: for the auditory task,
both the CNN (P < 0.001) and the LogReg (P < 0.01)
exceeded the chance level when trained on the visual cor-
tex, while for the visual task, only the CNN significantly
exceeded chance when trained on the auditory cortex (P <
0.001). For the visual task, although the CNN trained on
the nontask-relevant auditory cortex also significantly
exceeded the chance level (P < 0.001), its performance was
significantly lower than that of the task-relevant model
(P < 0.001, Bonferroni corrected), indicating that the visual
cortex provides substantially more informative features for
visual imagery decoding than the auditory cortex.

Nonetheless, the above-chance decoding accuracy for the
visual task in the auditory cortex indicates that the neural
representations underlying imagery are not strictly localized
but instead distributed across partially overlapping cortical
networks, consistent with the broad literature on cross-
modal processing (11, 12, 14). Nishimura et al. (10) reported
that visual thinkers activate visual cortical regions even dur-
ing verbal tasks, indicating that visual processing can
accompany language-related activity. Such overlapping and
individually variable activation patterns may explain why
decoding succeeded even in nontask-relevant regions and
why the CNN models, in particular, were sensitive to these
distributed neural representations.

Additionally, several experimental factors may contribute
to this finding. During the auditory task, participants viewed
the written word cue on the screen and were instructed to
keep their eyes open and fixate on a central cross throughout
the imagery period. Since auditory stimuli were presented as
written text rather than acoustically, this cross-modal pre-
sentation design likely activated occipital regions, which
may have carried stimulus-specific information correlated
with the imagery process and thus enabled decoding from
the visual cortex. This is a potential explanation for the
slightly higher decoding accuracy of the LogReg model as
well as the CNN for the auditory task on the nontask-rele-
vant cortex and will be discussed further as a limitation of
the present study. In contrast, during the visual task, partici-
pants might have silently labeled the presented images
(“Herz,” “Stern,” and “Baum”), introducing activity in audi-
tory or language-related areas.

Together, these effects could explain why decoding per-
formance was above chance even in nontask-relevant
regions and why cross-modal contributions emerged espe-
cially in the CNN models. Unlike the linear classifier, which
relies on a single global decision boundary, the CNN can cap-
ture nonlinear and spatially distributed feature patterns that
may jointly encode information from multiple sensory sys-
tems. Subtle and spatially overlapping activations in the
auditory cortex, arising from verbal labeling during the vis-
ual task, are likely too weak or heterogeneous to be linearly
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Figure 4. Decoding accuracy across imagery time segments. Top, bottom, left, and right: classification accuracies for the logistic regression (top, purple)
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cant). The dashed line marks the three-class chance level (33.3%).

separable. However, the hierarchical convolutional layers
of the CNN can integrate these small, distributed signals
across sources and time-frequency scales, effectively
exploiting multimodal information that the linear model
cannot. The results are consistent with previous evidence
for functional overlap between visual and auditory proc-
essing systems, where visual areas are recruited during
inner speech and verbal thinking (7). The ability of deep
neural networks to exploit such distributed, cross-modal
activity patterns underscores their potential for decoding
complex cognitive states that engage multiple sensory sys-
tems simultaneously.

LogReg versus CNN: Performance Evaluation

The comparison of a simple linear classifier (LogReg) with
a CNN-based approach (AlexNet) revealed a consistent
advantage of the CNN across both tasks. In the auditory task,
the CNN significantly outperformed LogReg (P < 0.01), and
in the visual task, the CNN likewise outperformed LogReg
(P < 0.001), reflecting its ability to capture complex, high-
dimensional time-frequency features in both conditions.
This result aligns with earlier work demonstrating the suit-
ability of AlexNet for imagined speech decoding (1) and
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extends this finding to visual imagery. The CNN’s advantage
was particularly pronounced in the visual task, where mean
decoding accuracy was 66%, with a peak subject-individual
performance of 88% likely reflecting the richer and more
temporally sustained neural representations associated with
visual imagery compared to the shorter imagined speech
responses.

One explanation for the CNN’s superior performance
across both modalities is that the full imagery phase pro-
vides ample temporal structure for hierarchical feature
learning: the auditory data set comprised 202 source
points over 2,500 ms, and the visual data set comprised
107 source points over 4,000 ms. The visual task’s 4-s
imagery phase, during which participants visualized a
static image, likely yielded a higher signal-to-noise ratio
and more temporally sustained neural representations
compared to the auditory task, where imagined speech is
inherently brief and a lower signal-to-noise ratio is likely.
The CNN’s ability to exploit these richer, more sustained
representations may explain the particularly high decod-
ing accuracies observed for visual imagery. Together,
these findings indicate that the CNN is the preferred clas-
sifier for MEG-based imagery decoding across both
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task (right). Significance is indicated: **P < 0.01, all corrected for 48 comparisons. B: results for the auditory (left) and visual (right) classification tasks in

the respective nontask-relevant ROI.

modalities and that its advantage is especially pronounced
when neural representations are temporally sustained as
in the case of visual imagery.

Model Performance across Tasks

Overall, decoding accuracies were higher in the visual task
compared to the auditory condition, particularly and signifi-
cantly for the CNN model (P < 0.001). Several factors likely
contribute to this difference. Visual imagination occurred
within the same modality as stimulus presentation (image to
image), whereas auditory imagination required a cross-
modal transformation from visual cues to internal audi-
tory representations, likely imposing additional cognitive
demands. In terms of working memory, visual imagery
is naturally supported by the visuospatial sketchpad,
whereas auditory imagery relies on the phonological loop,
a distinction consistent with Baddeley’s model of working
memory (29), with the phonological loop potentially being
more effortful to engage given the cross-modal nature of
the auditory task.

We additionally note that, although all epochs were time-
locked to imagery onset, the choice of analysis window
length may influence decoding performance; analyses across
the full imagery phase, its first half, and its second half con-
firmed that above-chance decoding was consistent across all
time windows (Fig. 3). Kilmarx et al. (18) found that visual
imagery following direct visual presentation produced stron-
ger EEG signatures than spontaneous imagery from mem-
ory, suggesting that short-term, cue-based visual imagery
elicits robust and classifiable neural responses. The sus-
tained visual engagement during our trials may have simi-
larly facilitated stable neural representations and enhanced
model performance.

Interestingly, while the CNN outperformed LogReg in
both tasks, it also showed a stronger task-related difference,
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achieving substantially higher accuracy in the visual than in
the auditory condition. This suggests that the CNN is partic-
ularly effective at exploiting the richer and more stable neu-
ral representations associated with visual imagery, while still
capturing sufficient information from auditory imagery to
significantly exceed chance level. The observation that
CNNs could decode imagery from nonrelevant regions fur-
ther supports the idea that imagined perception involves
widespread cortical engagement, possibly mediated by top-
down feedback between sensory areas. Such cross-modal
representational overlap may also imply that combining
auditory and visual imagery in future paradigms could
enhance decoding performance by exploiting these shared
neural substrates.

Decoding across Imagery Time Segments

The analyses across full, first-half, and second-half
imagery windows (Fig. 3) reveal several important pat-
terns. First, above-chance CNN decoding was obtained
across all time windows and both ROIs, confirming that
imagery-related information is distributed throughout the
entire imagery period rather than being confined to its
onset. Second, the finding that the second half of the
imagery phase also yielded above-chance decoding is par-
ticularly noteworthy: it provides strong evidence that the
classification reflects genuine mental imagery representa-
tions rather than residual stimulus processing. Third, for
the LogReg model, decoding tended to be highest for the
full imagery window, consistent with the idea that the lin-
ear model benefits from averaging over a longer signal
epoch. In contrast, CNN performance was more stable
across time segments, suggesting that the CNN extracts
temporally local features that remain discriminative
throughout the imagery period.
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Correlation between Memorization Task Performance,
VARK Scores, and Model Accuracies

Beyond general decoding performance, exploratory analy-
ses revealed one significant association between behavioral
measures and model accuracies after FDR correction across
all 48 comparisons: CNN accuracies for the auditory task
were negatively correlated with kinesthetic learning prefer-
ence (VARKy, P < 0.001). This suggests that participants who
engage more embodied or motor-related cognitive strategies
may generate poorer auditory neural patterns that deep
models can exploit. However, given the exploratory nature
of these analyses and the small sample size (n = 18), these
findings should be interpreted with caution.

The fact that behavioral correlations emerged for only the
CNN, not the LogReg model, suggests that each classifier
type may capture partly different aspects of the underlying
neural signal. The linear model appears to reflect more
direct, modality-specific associations in the auditory task,
such as auditory preference improving imagined speech
decoding, whereas the CNN, by modeling more complex sig-
nal patterns, may emphasize other dimensions of individual
variability. Importantly, the absence of overlapping effects
between models indicates that these relationships are not
driven by subject-individual learning preferences or task per-
formances but by how each architecture extracts information
from the MEG data. This model-specific sensitivity under-
lines that behavioral-neural correlations should be inter-
preted carefully in light of the decoding approach used, as
different algorithms may highlight distinct facets of the same
cognitive process. Notably, no significant behavioral effects
were found in models trained on nontask-relevant regions.

Limitations and Conclusion

Although the classification accuracies were above chance
level, it must be acknowledged that the overall decoding per-
formance remained relatively low in the auditory task, which
could be due to several different limitations in our work. One
potential aspect impeding classification performance during
the auditory task could be the challenge of accurately identi-
fying the timing of the imagined event. Temporal misalign-
ment in the recorded neural signals can introduce noise,
potentially reducing the effectiveness of the classification
models. We accounted for this by using the full imagery
phase (auditory: 0-2,500 ms; visual: 0-4,000 ms) as the
main analysis window, and additionally validated results on
the first and second half of the imagery phase. However,
since the length and, thus, articulation duration of the words
(Absicht, Idee, and Ehre) differ from subject to subject and
even between trials, especially the data where the shorter
words had to be imagined, are likely to still contain signifi-
cant noise.

A further methodological consideration concerns the
stimulus presentation modality in the auditory task.
Rather than being presented acoustically, the auditory
stimuli (German words) were displayed as written text on
the screen, and participants were instructed to mentally
rehearse their pronunciation. This cross-modal presenta-
tion, a visual cue prompting auditory imagery, may have
activated visual cortical regions during the auditory task,
potentially contributing to the above-chance decoding

J Neurophysiol « doi:10.1152/jn.00563.2025

observed in the nontask-relevant visual ROI. Similarly, the
sustained visual engagement required to read the written
cues may have introduced systematic visual cortical activ-
ity that is partially stimulus specific, thereby facilitating
cross-modal decoding. This confound could be addressed
in future studies by using genuinely auditory stimulus
presentation, which would allow a cleaner dissociation
between auditory and visual cortical contributions during
imagery.

Moreover, methodological considerations concern the
choice of source reconstruction algorithm. The LCMV beam-
former was selected because it operates in the time domain
and preserves single-trial temporal structure, which was
required for the subsequent CWT decomposition. However,
as a broadband spatial filter, it does not optimally suppress
interference from out-of-band neural activity compared to a
frequency-specific alternative such as DICS. Future studies
employing frequency-resolved classification pipelines may
benefit from applying separate, frequency-band-specific
beamformers before feature extraction.

We wish to clarify that all analysis epochs were time
locked to imagery onset rather than stimulus onset, ensuring
that stimulus-evoked activity does not directly contribute to
the decoding results. The main analyses reported here use
the full imagery phase. To further validate robustness, we
additionally trained models on the first half and second half
of the imagery phase; above-chance decoding was obtained
across all time windows and both classifier types. Notably,
the second half of the imagery phase, which contains
no stimulus-evoked activity, also yielded above-chance
CNN decoding, confirming that the results reflect genuine
imagery-related neural representations. A systematic time-
resolved decoding analysis such as that done by Dash et al.
(1) for speech imagery, which would capitalize on MEG’s
high temporal resolution to track the dynamics of imagery-
related neural representations over time, remains an impor-
tant direction for future work, ideally with a larger number
of trials per condition enabled by a modality-specific experi-
mental design.

An important limitation of the present study is the
absence of a compliance check for the behavioral task during
the MEG session. Participants were instructed to engage in
unimodal imagery (e.g., to avoid verbally labeling visual
images), but adherence to these instructions cannot be veri-
fied from MEG data alone. It therefore cannot be excluded
that decoding performance partly reflects cross-modal
cognitive strategies rather than purely modality-specific
imagery. Future studies should incorporate within-trial
behavioral probes (e.g., a forced-choice recognition task
after each imagery period) to provide an objective measure
of task engagement and compliance.

A further limitation concerns participant fatigue and
attentional fluctuations. The 1-h task duration was demand-
ing, and no direct behavioral measures of concentration
were collected during the breaks. Incorporating brief ran-
dom control checks or task-related recall prompts, as sug-
gested by Nieto et al. (19), could help track engagement and
improve data quality in future studies.

One should keep in mind that the number of participants
in the study (n = 18) may further limit the power to detect
statistical significance, making it more challenging to
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identify meaningful correlations or effects, especially
when it comes to individual learning preferences. A
larger sample size in a future study may provide more
statistical power, potentially revealing more robust cor-
relations between behavioral measures and decoding
performance. A larger number of subjects would also
increase the available amount of training data for the
decoding algorithm, presumably further boosting mental
imagery detection.

Finally, extending the analysis to higher order multisen-
sory association cortices (e.g., superior temporal sulcus, infe-
rior frontal gyrus) or to whole-brain source estimates could
yield more robust and informative decoding signals and rep-
resents an important direction for future work, although fac-
ing a high computational effort.

Our findings advance the understanding of how cognitive
processes such as memory and imagination are represented
in the brain and demonstrate the potential of modern deep
learning for their decoding. The CNN (AlexNet) achieved
robust above-chance performance across modalities and
regions, suggesting that deep models can exploit distributed
neural information and are less dependent on precise ana-
tomical targeting. This robustness may prove valuable for
future BCI development, where recording coverage and user-
specific variability often limit decoding performance. Finally,
the observed relationship between individual learning prefer-
ences and decoding performance points toward the possibil-
ity of personalized BCIs that adapt to a user’s cognitive
strengths, emphasizing visual or auditory channels according
to individual processing preferences. Such approaches could
enhance the efficiency, robustness, and accessibility of next-
generation BCI systems.
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