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Introduction

Brain-computer interface (BCI) systems have garnered significant attention in clinical
and research settings since the late 20th century. Using brain signals, BCI systems allow
users to interact with machines without the need to move their limbs, making them
particularly suitable for rehabilitating patients with severe neuromuscular impairments
(Daly and Wolpaw, 2008; Triponyuwasin and Wongsawat, 2014; Munoz et al., 2014). In
particular, BCI systems based on electroencephalogram (EEG) signals are the most widely
used, due to their low cost, noninvasive nature, and readily available hardware for both
commercial and medical applications (Han-Jeong Hwang and Im, 2013). In the realm of
post-stroke rehabilitation, Motor Imagery (MI)-based BCI systems have been a primary
focus for over a decade (Cervera et al., 2017). These systems decode and classify neuronal
signals associated with the process of imagining a movement, without any actual physical
execution, to operate output devices or generate feedback in various forms, such as visual
and auditory cues. Through training and neural plasticity, patients can link feedback to
specific movements, thereby reinforcing their neuromuscular connections and gradually
regaining control over their partially paralyzed limbs.

Rapid advances in neuroscience and computer science have significantly improved
methodologies and environments for MI-BCI experimentation and clinical trials. Feedback
mechanisms have progressed from merely displaying visual prompts (Triponyuwasin and
Wongsawat, 2014) on computer screens to creating immersive virtual environments that
can be experienced through virtual reality (VR) headsets (Vourvopoulos et al., 2016; Lupu
et al., 2018). Additionally, other forms of feedback, such as electrical stimulation (Lupu
et al., 2018) and vibrotactile feedback (Vourvopoulos et al., 2016), have been explored,
producing meaningful results. In terms of MI task classification, the primary approach has
involved using spatial filters such as Common Spatial Pattern (CSP) for feature extraction,
combined with effective machine learning algorithms such as Linear Discriminant Analysis
(LDA) or Support Vector Classifier (SVC) to identify the correct MI class for the current
session (Ortner et al., 2012; Mufioz et al., 2014). Recently, researchers have turned to deep
learning to address classification challenges in EEG data (Hossain et al., 2023), with notable
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state-of-the-art models including EEGNet (Lawhern et al.,, 2018),
EEGTCNet (Ingolfsson et al., 2020), ATCNet (Li et al., 2024), and
EEG-DBNet (Lou et al.,, 2024). Additionally, transformer-based
architectures, such as SMT (Luo et al., 2023) and ITNet (Niu et al.,
2024), have demonstrated promising capabilities in EEG analysis.

The models mentioned above have achieved commendable
offline testing results on publicly available standardized datasets
used for BCI competitions. The data sets used most extensively in
this category include the BCI Competition IV-2a dataset (Brunner
et al., 2024a), the BCI Competition IV-2b dataset (Brunner et al.,
2024b), and BCI Competition III (Blankertz et al., 2006). However,
these datasets, along with most other published ones, such as
Kaya et al. (2018), the PhysioNet dataset (Schalk et al., 2004) and
the High-Gamma Dataset (Schirrmeister and Ball, 2017) focused
on MI-EEG, consist solely of recordings from healthy volunteer
subjects, rather than actual patients suffering from post-stroke
motor complications. Furthermore, these existing databases have
limitations, such as short recording durations and low sample
sizes. Recently, in 2024, a new dataset featuring 50 stroke patients
was released by Liu and Han (2024). However, all of these
examples were recorded using generally accepted medical-grade
equipment, characterized by high sampling frequency, improved
resolution, and signal stability. To create more accessible systems
on a commercial scale, it is essential to use data recorded with
commercially available devices to train machine learning models,
thereby improving performance in clinical trials.

In this study, we introduce the UET175 database, which
features a comprehensive collection of electroencephalogram
(EEG) signals collected from 30 post-stroke patients at Hospital
175 in Ho Chi Minh City, Vietnam (Hospital 175), during the
time-frame from October 2024 to January 2025. Our primary goal
is to develop a standardized protocol for EEG data acquisition
that guarantees both consistency and reliability in various
research applications.

This database specifically emphasizes brain signal data related
to motor imagery tasks, which are essential for advancing the
development of a VR-BCI system designed to improve stroke
rehabilitation outcomes. Furthermore, the data will contribute to
the progress of other BCI systems based on motor imagery.

By making this database publicly accessible, we aim to foster
research collaboration and provide invaluable resources for the
scientific community interested in investigating brain signal data
for both clinical and technological applications. The database
can be accessed via the following https://github.com/nmk-k66-uet/
UET175.git.

Method

The data acquisition experiment described in this study was
approved by the Institutional Review Board for Human Research
at the Dinh Tien Hoang Institute of Medicine, operating under
the codes IRB-VN02010 from the Vietnam Ministry of Health,
and IRB00010830 and IORG0009080 from the U.S. Department
of Health and Human Services. This study received the operating
code IRB-2206 and was conducted according to the guidelines
established by the Dinh Tien Hoang Institute of Medicine. Written
informed consent was obtained from all participants, including
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stroke patients or their legal representatives, to allow experiments
and the publication of their data. The methods outlined here
complement a detailed description of the results derived from
this dataset.

To recruit participants for the study, a notice inviting
voluntary participation was widely disseminated. After clearly
explaining the purpose of data acquisition and obtaining informed
consent, the research participants (referred to as subjects) signed
a commitment to participate with the principal investigator.
For post-stroke patients who volunteered, neurologists from
the Clinical Neurophysiology Unit of Hospital 175 conducted
assessments to select individuals for data acquisition using NITHSS
scale. Participants were then chosen based on specific inclusion
and exclusion criteria. The inclusion criteria required patients with
mild to moderate stroke (either ischemic or hemorrhagic) and an
NIHSS score of 15 or less, who could participate after the acute
phase. To ensure a smooth recording session, patients needed
to retain the ability to comprehend spoken, written, or visual
instructions and have a stable neurological condition. Conversely,
the exclusion criteria eliminated individuals with motor function
impairments not related to stroke, as well as those with severe visual
or hearing deficits. Patients with hemispatial neglect, a history
of epilepsy or uncontrolled seizures, severe conditions affecting
the lungs, kidneys, liver, or heart, significant circulatory disorders
in the limbs, an inability to sit independently for 60 min, or
cognitive impairments that limited their ability to understand and
follow medical instructions were also excluded. To further assist
in analyzing the patients’ conditions, prior to starting the trial,
the patients will be additionally evaluated for motor function and
their ability to perform daily activities based on the Oxford (in this
case, the doctors performed an evaluation of muscle strength in the
hand) and Modified Rankin (mRS) Scale.

In this study, the data recording process involved 30
volunteered post-stroke patients. Participants were identified solely
by their aliases, starting from “ID01” to “ID30.” The data was
recorded in a specialized medical environment designed for EEG
signal recording at Hospital 175. Technicians met with each patient
every 3-7 days to conduct recordings based on their health status
and convenience, with each session lasting ~14-18 min, excluding
the setup time for the EEG recording device.

We recorded EEG data using an Emotiv EPOC Flex device,
which utilizes EPOC+ technology. This system features a controller
with a 128 Hz sampling rate and connects to a computer via
Bluetooth or wireless USB. To enhance participant comfort,
we employed a saline sensor version with 34 wired sensors,
adhering to the international 10-20 standard for flexible sensor
placement. Certain electrode positions, particularly those near
the motor cortex, demonstrated clearer MI features. A research
by Altaheri et al. (2023) indicates that reducing the number of
EEG channels can maintain prediction accuracy while simplifying
setup, expediting data processing, and conserving memory. We
selected 22 channels near the motor cortex from the available
32, along with two reference electrodes. This configuration
resembles the electrode montage used in the BCI Competition
IV-2a dataset (Brunner et al., 2024a) (Figure 1A). The EEG data
is transmitted using the Lab Streaming Layer (LSL) protocol,
allowing for synchronized data acquisition. Key configuration
settings include: Data stream—EEG, Sampling frequency—128 Hz,
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FIGURE 1
Overview of data acquiring process. (A) The process of recording EEG signals using the desktop application; (B) the recording scenario; (C) the
dataset structure, data is organized by patient (blue) and then by session (orange), each session contains multiple runs (purple)

Data format—Double, and Transmit type—Sample. Before data
transmission, the Emotiv device incorporates a 5th-order Sinc filter
along with a bandpass filter ranging from 0.2 to 45Hz to effectively
minimize noise and artifacts while preserving the integrity of
brainwave signals.

Recording application

EEG data were acquired using a BCI desktop application
(Figure 1A) running on an Acer Aspire A315-57G laptop.
Developed by our research group, this software enables automatic
recording and synchronization between the recording scenarios
and EEG signals. Users can connect to the EEG device and input
information about the volunteer subject and session, which is then
stored in our database. The recording function allows users to set
up scenarios by selecting predefined options or creating custom
actions with specified durations. Additionally, the module can
automatically generate a video with visual and auditory cues for
the subject, which can be played independently as a preview or
simultaneously with the EEG recording.

Moreover, the application includes a visualization tool designed
for analyzing EEG signals recorded during sessions, particularly
in the time domain. Developed in collaboration with the

Frontiersin Neuroscience

03

aforementioned neurologists, it offers features such as adding time
markers, adjusting signal speed, and selecting frequency bands
for detailed analysis. Users can access data files from previous
sessions and display EEG data within the app, allowing for real-
time adjustments of display parameters, including window size,
signal spacing, frequency bands, channels, and filtering options
(Wavelet denoising or Bandpass filter). Users can also manually
label channels based on timestamps of interest and save these
annotations to the database. Considering that response times vary
from one subject to another and from one instance to another, we
assess whether a trial qualifies as a MI task based on the Event-
Related Desynchronization percentage (ERD%—The proportion of
power reduction in the EEG signal when compared to a baseline
period) (Pfurtscheller and Lopes da Silva, 1999). For each trials,
we identify a 1-second signal segment where the ERD% reaches at
least a threshold of T% compared to the resting phase and store this
information in a timestamp file. This segment is extracted from the
final 0.5 s of each cue until the end of the MI task. Trials without
at least one suitable signal segment are considered too noisy and
will be rejected. From our experiment on data gathered at Hospital
175 and in our laboratory, setting the threshold T to 30% filters out
most of the data collected outside the hospital environment, which
is considered significantly noisier, while allowing the majority of the
remaining dataset to be retained.
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After each recording session, four files are generated: Raw
Signals File, Session Setup File, Action Label File, and Event
Timestamp File.

Recording scenario

Figure 1B illustrates the scenario used for data acquisition. In
step 1, at the start of an action, the recording app plays a notification
sound, prompting the patient to relax and loosen their body for
2 s. In step 2, the system displays a prompt image along with a
notification sound corresponding to one of four MI tasks: lifting
the right arm, lifting the left arm, lifting the right leg, or lifting
the left leg, which lasts for 2 s. In step 3, the patient imagines the
corresponding movement suggested by the prompt for 4 s. This
process repeats 12 times (three times for each task mentioned in
step 2) in each run, followed by a 20-s resting period between runs.

Data directory structure

The dataset was organized using a hierarchical Unix-style
filetree structure (Figure 1C). The main directory, labeled “Data”,
contains 30 subdirectories, each of which named with a patients ID.

10.3389/fnins.2025.1580931

Within each patient directory, there is an Patient’s info (.json) file
as well as one or more subdirectories named based on the session
number and date of the individual recording sessions. The patient’s
info file contains some detailed information about an individual
patient, including a unique ID assigned to the patient; the patient’s
year of birth and gender; a list of medical conditions, diagnoses
from the Hospital 175 database; various medical assessments, such
as NIHSS, Muscle Strength measured in hand, mRS score; and the
number of EEG recording sessions. Finally, each session directory
includes one or more runs, each of which consists of a Raw signal
(.csv) file, a Session setup (.json) file, an Action label (.txt) file, and
an Event timestamp (.txt) file. All four files are named based on the
run number to identify each run.

Raw signal file

- Format: CSV

- File name: run number_Raw Signals

- Content: contains signals from electrodes, with each column
representing one electrode’s data throughout the recording.
Electrode order matches the EmotivPro app settings.

Session setup file
- Format: JSON

A. Distribution of Patient Age
10

B. Distribution of Gender

8

6

<50 50-60 60-70 >70

C. Distribution of Infarct Occurrence by Hemisphere

D. Distribution of NIHSS score
8 25

20

1 2

E. Distribution of Muscle Strength measurement in hand

F. Distribution of mRS

5 1 2 3 4

H. Distribution of classes

Right hand

Left hand

Right leg

Accepted frials

Leftleg

- Accepted

I. Distribution of MI task response time (Final 0.5 Seconds
of Cue)

1250

1000

750

500

250
0 [ W

O b 2 0O P O O D o .0 &
800 NN P NN AR S A S

FIGURE 2

final 0.5 s of cue.

Metrics describing the UET175 dataset. (A) histogram showing distribution of patient age; (B) pie chart showing percentage of each genders; (C) pie
chart showing distribution of infarct occurrence by hemisphere; (D) histogram showing distribution of NIHSS score; (E) histogram showing
distribution of muscle strength measured in hand; (F) showing distribution of mRS score; (G) pie chart showing percentage of accepted trials after
preprocesing; (H) bar chart showing classes distribution in the dataset; () histogram showing distribution of patient’s response time measured from
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- File name: run number_Session setup
- Content: duration of each neurological task, the session includes
a calibration block and repetition count of the scenario.

Action label file

- Format: TXT

- File name: run number_Action label

- Content: sequence of numbers representing actions in the
scenario, ordered based on the JSON setup file.

Event timestamp file

- Format: TXT

- File name: run number_Event timestamp

- Content: list of MI task timestamps, adjusted for patient
response time based on ERD and excluding any noisy trials that
were rejected.

Result

The completed dataset includes 220 sessions from 30 subjects.
Each of these sessions contains at least one recording run as
describe in the Data Directory Structure. Metrics describing
the dataset are summarized in Figure 2. The stroke patients
were between 43 to 78 years of age, with gender distribution
of 40% female and 60% male (average 63.85, SD 12.85;
Figures 2A, B). An initial analysis of the physician reports
reveals a wide range of medications and medical conditions.
All patients experienced an infarct, with the majority (62.1%)
affecting the right hemisphere. However, only one patient
exhibited an infarct that extended across both hemispheres
(Figure 2C). The most common listed medical condition is
damage to the corona radiata after stroke (26.7% of the
medical reports included the text string “corona radiata”).
Beside that, two of the most common underlying diseases
among 30 patients are hypertension (80%) and diabetes mellitus
type 2 (33.3%).

All patients had NIHSS scores ranging from 1 to 8, with
the highest count of seven patients at a score of 4 (Figure 2D).
Figure 2E reveals a strong skew toward a score of 4, suggesting
that the majority of patients exhibit relatively high muscle strength
in the Oxford scale, with very few having lower scores. However,
despite the high Oxford score, the mRS scale indicates that most
patients need assistance with daily tasks, with 11 patients at a
moderate disability level and 5 at a moderately severe disability level
(Figure 2F).

The average number of sessions per patient was 1.43, although
as many as three sessions were recorded for a single patient
over a 3-day period. Out of 220 sessions and 2,640 trials, only
97 trials (3.7%; Figure 2G) were rejected due to noisy signals
and the lack of a significant ERD. This suggests that, despite
using a commercial-grade EEG device, recording in a medical
environment significantly enhances the quality of the recorded EEG
signals. The accepted trials show similar distributions across all
four classes (average 635.75 trials per class, SD 6.39; Figure 2H).
Details analysis show that majority of the patient’s responses to a
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MI task occurred within the last 0.5 s of cue, with a sharp decline
thereafter (Figure 2I).

The UET175 dataset has been released and is freely available
https://github.com/nmk-k66-uet/UET175.git. ~ The
uncompressed dataset comprise 434 MB, with a median Raw signal
filesize of ~2 MB.

online at

Discussion

The UET175 dataset is novel because it addresses a significant
gap in existing research: there has not been a dedicated database
that focuses on EEG signals related to MI tasks in Vietnamese
stroke patients and the use of more affordable, commercial-grade
EEG devices. This lack data has hindered efforts to research
and develop effective BCI systems tailored for this population.
UET175 not only offers a valuable resource of EEG data, but
also creates new avenues for interdisciplinary research. This
can improve our understanding of the brain’s mechanisms in
MI-related contexts among stroke patients, ultimately fostering
advances in rehabilitation and medical technology.

The data acquisition process for the UET175 dataset adheres
to stringent standards to uphold ethical principles and security
protocols. Before data collection begins, all patients are thoroughly
informed about the research objectives, the procedures involved,
and their rights, and they sign an informed consent agreement.
Data is collected in a secure environment and rigorously protected
to prevent any breaches of personal information. Additionally,
security measures such as encryption and restricted access are
implemented to ensure that all sensitive data is safeguarded
and used exclusively for legitimate research purposes. Thus,
UET175 not only serves as a valuable data source but also
demonstrates a commitment to protecting the rights and safety of
participating patients.

The UET175 dataset has been meticulously pre-processed to
support research in machine learning and deep learning. This
preprocessing involves noise removal, data normalization and
segmentation, all designed to enhance the quality and accuracy
of the information. The processed data can then be utilized to
develop BCI systems for medical applications, aiming to improve
rehabilitation outcomes for patients.

Data availability statement

The datasets presented in this study can be found in
online repositories. The names of the repository/repositories and
accession number(s) can be found at: https://github.com/nmk-
k66-uet/UET175.

Ethics statement

The studies involving humans were approved by Institutional
Review Board of Human Research, Dinh Tien Hoang Institute
of Medicine. The studies were conducted in accordance with the
local legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

frontiersin.org


https://doi.org/10.3389/fnins.2025.1580931
https://github.com/nmk-k66-uet/UET175.git
https://github.com/nmk-k66-uet/UET175
https://github.com/nmk-k66-uet/UET175
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Ma Thi et al.

Written informed consent was obtained from the individual(s)
for the publication of any potentially identifiable images or data
included in this article.

Author contributions

CM: Conceptualization, Methodology, Writing - original
draft, Writing - review & editing. H-AN: Conceptualization,
Methodology, Writing - original draft, Writing - review & editing.
KN: Data curation, Software, Supervision, Writing — original draft,
Writing - review & editing. LV: Data curation, Writing — original
draft, Writing - review & editing. HN: Validation, Writing — review
& editing. N-YH: Methodology, Resources, Writing — review &
editing. T-HH: Supervision, Writing — review & editing. T-NH:
Methodology, Writing — review & editing. D-TA: Data curation,
Writing - review & editing. K-LN: Data curation, Writing — review
& editing. VH: Data curation, Writing - review & editing. T-LL:
Data curation, Writing — review & editing.

Funding

The author(s) declare that financial support was received
for the research and/or publication of this article. This research
was supported by the project titled Building a large-scale video
electroencephalogram (EEG) database of Vietnamese individuals
for applications in intelligent control and initial use in motor
function recovery support for stroke patients (the project code
is KC-4.0-07/19-25).

References

Altaheri, H., Muhammad, G., Alsulaiman, M., Amin, S. U., Altuwaijri, G. A., Abdul,
W., et al. (2023). Deep learning techniques for classification of electroencephalogram
(EEG) motor imagery (MI) signals: a review. Neural Comput. Appl. 35, 14681-14722.
doi: 10.1007/s00521-021-06352-5

Blankertz, B., Muller, K.-R,, Krusienski, D., Schalk, G., Wolpaw, J., Schlogl,
A, et al. (2006). The BCI competition III: validating alternative approaches
to actual BCI problems. IEEE Trans. Neural Syst. Rehabil. Eng. 14, 153-159.
doi: 10.1109/TNSRE.2006.875642

Brunner, C., Leeb, R., and Miiller-Putz, G. (2024a). BCI Competition 2008-graz data
set A. IEEE Dataport.

Brunner, C., Leeb, R., and Miiller-Putz, G. (2024b). BCI Competition 2008-graz data
set B. IEEE Dataport.

Cervera, M., Soekadar, S., Ushiba, J., Millan, J. R., Liu, M., Birbaumer, N.,
Gangadhar, G. (2017). Brain-computer interfaces for post-stroke motor rehabilitation:
a meta-analysis. bioRxiv. doi: 10.1101/224618

Daly, J. J., and Wolpaw, J. R. (2008). Brain-computer interfaces in neurological
rehabilitation. Lancet Neurol. 7, 1032-1043. doi: 10.1016/S1474-4422(08)70
223-0

Hossain, K. M., Islam, M. A., Hossain, S., Nijholt, A, and Ahad, M. A.
R. (2023). Status of deep learning for EEG-based brain-computer interface
applications. Front. Comput. Neurosc. 16:1006763. doi: 10.3389/fncom.2022.10
06763

Hwang, H.-J., Kim, S., Choi, S., and Im, C.-H. (2013). EEG-based brain-computer
interfaces: a thorough literature survey. Int. J. Hum.-Comput. Interact. 29, 814-826.
doi: 10.1080/10447318.2013.780869

Ingolfsson, T. M., Hersche, M., Wang, X., Kobayashi, N., Cavigelli, L.,
Benini, L., et al. (2020). “EEG-TCNET: an accurate temporal convolutional
network for embedded motor-imagery brain-machine interfaces,” in
2020 IEEE International Conference on Systems, Man, and Cybernetics

Frontiersin Neuroscience

10.3389/fnins.2025.1580931

Conflict of interest

The authors declare any potential conflicts of interest
related to the study and publication of the UET175 EEG
Database of Action and Motor Imagery in Stroke Patients.
This research was conducted by a collaborative team from
the University of Engineering and Technology, the Vietnam-
Korea Institute, Hospital 175, and International University.
The authors confirm that there are no financial relationships,
consulting roles, or other personal interests that could influence
the results or interpretations of this study. This statement
aims to ensure transparency and uphold the integrity of the
research process.

Generative Al statement

The author(s) declare that no Gen AI was used in the creation
of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

(SMC) 2958-2965. doi:

83028

Kaya, M., Binli, M. K., Ozbay, E., Yanar, H., and Mishchenko, Y. (2018). A large
electroencephalographic motor imagery dataset for electroencephalographic brain
computer interfaces. Sci. Data 5:180211. doi: 10.1038/sdata.2018.211

Lawhern, V. J,, Solon, A. J., Waytowich, N. R., Gordon, S. M., Hung, C. P., Lance,
B. J., et al. (2018). EEGNET: a compact convolutional neural network for EEG-based
brain-computer interfaces. J. Neural Eng. 15:056013. doi: 10.1088/1741-2552/aace8c

Li, W., Yang, X, Yuan, G., and Xu, D. (2024). ATCNET: a novel approach for
predicting highway visibility using attention-enhanced transformer—capsule networks.
Electronics 13:920. doi: 10.3390/electronics13050920

Liu, H., Wei, P, Wang, H., Lv, X,, Duan, W,, Li, M,, et al. (2024). An EEG motor
imagery dataset for brain computer interface in acute stroke patients. Sci. Data 11:131.
doi: 10.1038/s41597-023-02787-8

Lou, X, Li, X, Meng, H, Hu, J, Xu, M, Yang, J., et al. (2024). EEG-
DBNET: A Dual-Branch Network for Motor-Imagery Brain-Computer Interfaces.
doi: 10.48550/arXiv.2405.16090

Luo, J., Wang, Y., Xia, S, Lu, N,, Ren, X,, Shi, Z,, et al. (2023). A shallow
mirror transformer for subject-independent motor imagery BCI. Comput. Biol. Med.
164:107254. doi: 10.1016/j.compbiomed.2023.107254

(Toronto, ON: IEEE), 10.1109/SMC42975.2020.92

Lupu, R, Irimia, D., Ungureanu, F., Poboroniuc, M., and Moldoveanu, A. (2018).
BCI and FES based therapy for stroke rehabilitation using VR facilities. Wirel.
Commun. Mob. Comput. 2018, 4798359. doi: 10.1155/2018/4798359

Muiioz, J., Rios, L., and Henao, O. (2014). Low cost implementation of a motor
imagery experiment with BCI system and its use in neurorehabilitation. Conf. Proc.
IEEE Eng. Med. Biol. Soc. 2014, 1230-1233.

Niu, X,, Lu, N, and Kang, J. (2024). Inverse transfer network with frontier
point restoration for EEG transfer classification. IEEE Trans. Industr. Inform. 20,
14104-14113. doi: 10.1109/T11.2024.3441636

frontiersin.org


https://doi.org/10.3389/fnins.2025.1580931
https://doi.org/10.1007/s00521-021-06352-5
https://doi.org/10.1109/TNSRE.2006.875642
https://doi.org/10.1101/224618
https://doi.org/10.1016/S1474-4422(08)70223-0
https://doi.org/10.3389/fncom.2022.1006763
https://doi.org/10.1080/10447318.2013.780869
https://doi.org/10.1109/SMC42975.2020.9283028
https://doi.org/10.1038/sdata.2018.211
https://doi.org/10.1088/1741-2552/aace8c
https://doi.org/10.3390/electronics13050920
https://doi.org/10.1038/s41597-023-02787-8
https://doi.org/10.48550/arXiv.2405.16090
https://doi.org/10.1016/j.compbiomed.2023.107254
https://doi.org/10.1155/2018/4798359
https://doi.org/10.1109/TII.2024.3441636
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Ma Thi et al.

Ortner, R, Irimia, D. C., Scharinger, J., and Guger, C. (2012). “Brain-computer
interfaces for stroke rehabilitation: evaluation of feedback and classification strategies
in healthy users” in 2012 4th IEEE RAS and EMBS International Conference
on Biomedical Robotics and Biomechatronics (BioRob) (Rome: IEEE), 219-223.
doi: 10.1109/BioRob.2012.6290800

Pfurtscheller, G., and Lopes da Silva, F. (1999). Event-related EEG/MEG
synchronization and desynchronization: basic principles. Clin. Neurophysiol. 110,
1842-1857. doi: 10.1016/S1388-2457(99)00141-8

Schalk, G., McFarland, D., Hinterberger, T., Birbaumer, N., and Wolpaw,
J. (2004). Bci2000: a general-purpose brain-computer interface (BCI)
system. IEEE Trans. Biomed. Eng. 51, 1034-1043. doi: 10.1109/TBME.2004.8
27072

Frontiersin Neuroscience

07

10.3389/fnins.2025.1580931

Schirrmeister, R. T., Springenberg, J. T., Fiederer, L. D. J., Glasstetter, M.,
Eggensperger, K., Tangermann, M., et al. (2017). Deep learning with convolutional
neural networks for EEG decoding and visualization. Hum. Brain Mapp. 38, 5391-5420.
doi: 10.1002/hbm.23730

Triponyuwasin, P., and Wongsawat, Y. (2014). “Brain-computer interface based
stroke rehabilitation for hemiplegia,” in The 7th 2014 Biomedical Engineering
International Conference (Fukuoka: IEEE), 1-4. doi: 10.1109/BMEiCON.2014.7017402

Vourvopoulos, A., Ferreira, A., and Bermudez I Badia, S. (2016). “Neurow:
an immersive VR environment for motor-imagery training with the use of
brain-computer interfaces and vibrotactile feedback, in roceedings of the 3rd
International Conference on Physiological Computing Systems - PhyCS (SciTePress).
doi: 10.5220/0005939400430053

frontiersin.org


https://doi.org/10.3389/fnins.2025.1580931
https://doi.org/10.1109/BioRob.2012.6290800
https://doi.org/10.1016/S1388-2457(99)00141-8
https://doi.org/10.1109/TBME.2004.827072
https://doi.org/10.1002/hbm.23730
https://doi.org/10.1109/BMEiCON.2014.7017402
https://doi.org/10.5220/0005939400430053
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

	UET175: EEG dataset of motor imagery tasks in Vietnamese stroke patients
	Introduction
	Method
	Recording application
	Recording scenario
	Data directory structure
	Raw signal file
	Session setup file
	Action label file
	Event timestamp file


	Result
	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


