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Chisco: An EEG-based BCI dataset 
for decoding of imagined speech
Zihan Zhang   1, Xiao Ding1 ✉, Yu Bao1, Yi Zhao1, Xia Liang2 ✉, Bing Qin1 & Ting Liu1

The rapid advancement of deep learning has enabled Brain-Computer Interfaces (BCIs) technology, 
particularly neural decoding techniques, to achieve higher accuracy and deeper levels of interpretation. 
Interest in decoding imagined speech has significantly increased because its concept akin to “mind 
reading”. However, previous studies on decoding neural language have predominantly focused on 
brain activity patterns during human reading. The absence of imagined speech electroencephalography 
(EEG) datasets has constrained further research in this field. We present the Chinese Imagined Speech 
Corpus (Chisco), including over 20,000 sentences of high-density EEG recordings of imagined speech 
from healthy adults. Each subject’s EEG data exceeds 900 minutes, representing the largest dataset 
per individual currently available for decoding neural language to date. Furthermore, the experimental 
stimuli include over 6,000 everyday phrases across 39 semantic categories, covering nearly all aspects of 
daily language. We believe that Chisco represents a valuable resource for the fields of BCIs, facilitating 
the development of more user-friendly BCIs.

Background & Summary
BCIs are a promising technology for improving the quality of life of people who have lost the capability to either 
communicate or interact with their environment1. A BCI provides an alternative way of interaction to such indi-
viduals, by decoding the neural activity and transforming it into control commands for triggering wheelchairs, 
prosthesis, spellers or any other virtual interface device2.

In recent years, advancements in deep learning technology have made naturalistic paradigm BCIs3 increas-
ingly feasible. In this paradigm, participants are exposed to real-world-like stimuli, such as movies, novels, and 
images, and the content related to these stimuli is decoded from their neural responses. In contrast, classical 
paradigm BCIs, which utilize P300, Visual Evoked Potentials, Slow Cortical Potentials, and Motor Imagery, 
rely on meticulously designed and discrete stimuli presented to participants. Compared to classical paradigms, 
naturalistic paradigm BCIs are more user-friendly as they require minimal user training and offer significantly 
improved decoding speeds. Neural language decoding is a key area within this approach4.

In the field of neural language decoding, considerable research has been conducted on the decoding of voiced 
speech due to its high potential for medical applications. Current studies predominantly focuses on implanting 
electrodes into the motor cortex of the brain of patients with Amyotrophic Lateral Sclerosis (ALS) through inva-
sive surgeries to aid in restoring their speech motor mechanisms5–7. However, this approach is not suitable for 
healthy individuals, as in addition to the ethical concerns associated with invasive surgeries, speech recognition 
technology offers a more accurate and convenient alternative. Additionally, substantial research has been car-
ried out on decoding reading stimuli or auditory inputs, such as ZuCo8, ChineseEEG9, BCCWJ-EEG10 and Hsg11, 
which represents initial attempts to decode neural language content using non-invasive methods. These exper-
imental paradigms are elegant but as datasets for BCIs, they capture the brain’s electrophysiological responses 
to stimuli. Consequently, these are only suitable as research materials for stimulus-based BCI studies, where 
users must receive external stimuli. This requirement limits the applicability of BCIs in real-life and long-term 
applications. Furthermore, BCIs for decoding inner speech are also not universally applicable, as not everyone 
experiences inner speech12.

Therefore, the decoding of imagined speech is crucial for developing BCIs suitable for everyday use by healthy 
individuals. This involves collecting imagined speech directly from the brain using non-invasive devices and 
translating it into natural language. Despite its significance, prior research in this area has been hampered by 
a scarcity of datasets. The complexity of experimental paradigms for imagined speech, the difficulty in data 
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collection, and the limited availability of effective data are major challenges. Chisco aims to effectively mitigate 
these issues.

Although datasets for decoding imagined speech have previously existed2,13– 16, they focus on classification at 
the word level and do not involve the semantic reconstruction of complete sentences. To the best of our knowl-
edge, our dataset represents the first attempt at sentence semantics reconstruction of imagined speech.

In our experimental paradigm, participants first read a passage of text, and then recall and imagine them-
selves speaking it. Therefore, each trial’s data includes two parts: 5s of EEG during the reading phase and 3.3s of 
EEG during the imagined speech phase. Besides, to enhance the decoding performance in future research, we 
extended the experimental duration for each participant. We recruited three participants, each of whom com-
pleted 6,681 trials. Consequently, the EEG data for each participant exceeded 900 minutes, making it the largest 
dataset per individual currently available for decoding neural language. This large dataset for each individual 
ensures that the subject-specific decoders are more thoroughly trained, thereby promoting the development of 
more user-friendly BCIs.

Methods
Participants.  EEG Data were collected from these three subjects: S1 (female, age 26), S2 (male, age 30) and 
S3 (male, age 22). No participant reported neurological or psychiatric history. All subjects were right-handed 
and had normal hearing and normal or corrected-to-normal vision. None of them had any previous BCI expe-
rience. All participants gave written consent for their participation and the reuse of the data prior to the start of 
the experiments. The study has been reviewed and approved by the Ethics Commission of Harbin Institute of 
Technology (Approval Number: HIT2024035) in accordance with the Declaration of Helsinki (2013)17.

To enhance the quality of imagined speech EEG data, we first conducted a screening process for the par-
ticipants. We initially recruited 11 volunteers (22-47 years old, Chinese native speakers, 6 males) for a five-day 
session of Integrative Body-Mind Training (IBMT)18, a meditation technique aimed at improving concentra-
tion. Previous studies have demonstrated that IBMT significantly enhances participants’ attention capacity and 
reduces fatigue levels. Furthermore, IBMT training has been associated with increased vigor, as measured by 
the Profile of Mood States scale, and a marked reduction in stress-related cortisol levels18. This training was 
intended to better prepare participants for our cognitively demanding experimental paradigm. Following the 
IBMT, we administered the Attention Network Test (ANT)19 to all participants. The Attention Network Test 
(ANT) is a psychological assessment used to evaluate an individual’s attentional functions. It measures three key 
indices—alerting, orienting, and executive control—to assess performance across different attentional tasks19. 
These indices correspond to the individual’s preparedness for an impending event, the ability to focus attention 
on a specific spatial location, and the executive control when handling conflicting information, respectively. 
Consequently, lower ANT scores indicate greater attentional focus. We calculated the mean scores of all par-
ticipants across the three ANT subtests and selected the three participants with the lowest ANT scores for sub-
sequent experiments. Subsequently, the three selected participants underwent a Chinese language proficiency 
assessment (HSK Level 6 Reading Section) to ensure they could accurately comprehend the text displayed on the 
screen during the experiments. Details for each participant are presented in Table 1. No one withdrew during 
the experiment.

Text materials.  To ensure our dataset is suitable for training BCIs for everyday use, our textual materials 
should encompass a broad range of daily language. To achieve this objective, we manually selected daily expres-
sions from Chinese social media platform Weibo, public datasets ROCstory20 and Dailydialog21. These expres-
sions were initially categorized into 39 types using a combination of machine learning clustering algorithms and 
manual annotation by human experts. Subsequently, they were rephrased into sentences consisting of 6 to 15 
Chinese characters through a crowdsourcing approach. Ultimately, we compiled a dataset containing 6,681 sen-
tences of daily Chinese expressions. An overview is shown in Fig. 1, and specific contents can be found in the text 
labels provided by Chisco. The crowdsourcing method employed is outlined as follows: 

Subject ID Age Gender ANT(alerting) ANT(orienting) ANT(executive control) ANT(mean) HSK(Reading Section)

S1 26 female 15.3 35.6 83.3 44.7 96.0

S2 30 male 33.5 36.1 76.7 48.8 96.0

S3 22 male 22.6 25.3 100.4 49.4 92.0

S4 47 female 59.4 90.5 77.6 75.8 —

S5 40 female 48.8 29.1 129.8 69.2 —

S6 42 male 63.0 70.9 117.9 83.9 —

S7 28 female 20.1 46.0 132.2 66.1 —

S8 26 male 29.4 51.3 112.4 64.4 —

S9 26 male 44.6 30.2 88.4 54.4 —

S10 33 female 60.7 22.1 165.0 82.6 —

S11 27 male 40.5 32.8 81.0 51.4 —

Table 1.  Details of all subjects in the study.

https://doi.org/10.1038/s41597-024-04114-1


3Scientific Data |         (2024) 11:1265  | https://doi.org/10.1038/s41597-024-04114-1

www.nature.com/scientificdatawww.nature.com/scientificdata/

•	 Each sentence must be independently understandable without the need for multiple segments to form a 
coherent discourse.

•	 Avoid containing clauses and indirect anaphora.
•	 Limit the nouns involved in the text to no more than three.
•	 Exclude sentences that are ambiguous.
•	 Prohibit any form of racial or gender discrimination.

The crowdsourcing method was designed to reduce syntactic complexity, thereby reducing the likelihood 
of errors during the imagined speech process. We provide English translations of several sentences and their 
categories as examples: 

•	 “Today’s dinner tasted great” - “Food and Dining”
•	 “She is going to listen to the concert” - “Performing Arts”
•	 “I am deeply sorry for my behavior” - “Apologies”

Experimental setup.  In order to familiarize the participant with the experimental procedure and the room 
environment, a comprehensive explanation of all experimental steps was provided during the placement of the 
EEG cap and external electrodes. The setup process required approximately 30 minutes. Figure 2 shows the main 
experiment setup. In the experimental setup, a screen attached to PC1 presents stimuli to the subjects. The EEG 
cap captures the signals, which are then filtered and amplified by the headbox. These signals are further ampli-
fied by an amplifier and are tagged with markers derived from PC1 to enhance signal integrity. The marker sig-
nals facilitate the segmentation of the EEG data. Subsequently, the processed EEG signals are transmitted to the 
experimenter computer, PC2, for storage. The experimental operator monitors the experiment through PC2. To 
minimize interference with the subject, only the PC1 screen is placed inside the collection room, while other 
equipment is housed in the control room.

Experimental procedures.  As described in the “Participants” subsection, based on the results of the ANT, 
we selected 3 participants from a pool of 11 applicants for the main experiment. The schedule for the main exper-
iment is as follows: 

	 1.	 Each participant engaged in a five-day experiment.
	 2.	 Nine experimental blocks were conducted daily.
	 3.	 Except for the final block, each experimental block consists of 150 trials (The total number of sentences is 

Fig. 1  Overview of text data. The proportion of each semantic category within the overall dataset, comprising a 
total of 39 categories.
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6,681, which equals 150 multiplied by 44 plus 81. Consequently, the final block could not be fully completed), 
with each trial lasting 8.3s with an inter trial interval of 1.8s, totaling approximately 25 minutes.

Figure 3 describes the composition of each trial, together with the relative and cumulative times. Each trial 
started with a reading phase, during which the subjects were presented with a single sentence on the computer 
screen for 5,000ms and were instructed to saliently read it. The details of the presented sentences are specified 
in the “Text Materials” section. Following the reading phase, a blank screen was displayed for 3,300ms, during 
which the subjects were required to imagine the sentence in mind at a constant speed. During this stage, the 
subjects need to imagine themselves speaking and not making any movements in their throat or limbs. The 
third phase is a rest interval, during which participants are allowed a brief pause. The duration of all trials 
was fixed and did not require participants to control it via button presses, aiming to minimize the influence of 
movement-related cortical potentials (MRCP)22, which could generate frontal lobe EEG activity and interfere 
with the decoding of imagined speech.

This experimental paradigm follows the classic design used in imagined content research, where imagination 
is guided through reading2,13–16. Moreover, the reading phase activates brain regions associated with language 
processing, such as the left temporal lobe and the inferior frontal gyrus, which have been shown to also be acti-
vated during imagined speech, with partial similarities in neural representations23,24. Thus, this classic paradigm 
offers two key advantages: first, it restricts participants’ imagination content, avoiding dataset bias caused by 
free imagination; second, the activation of similar brain regions during both phases helps participants transition 
more quickly into the imagined state, improving the signal-to-noise ratio of the data. These factors contribute to 
more effective training of EEG decoders for BCI applications.

Daily Language

PC 1

Head Box

EEG Signals

EEG Signals

Marks

PC 2

.edf File

EEG Signals with Marks

EEG  Amplifier

Imagined Speech

Fig. 2  Main experimental setup. PC1 was used to present stimuli and send markers, while the headbox was 
employed for preliminary filtering and amplification of EEG signals. The EEG amplifier further amplified 
and integrated the EEG signals, and PC2 was responsible for storing the EEG data and monitoring the entire 
experimental process.

t = 0s t = 5s t = 8.3s t = 10.1s

Reading Phase Recall Phase Rest Interval

The screen of PC1: Today's dinner tasted great

5s 3.3s 1.8s

Fig. 3  Trial workflow. During the Reading Phase, participants read and memorized sentences. The Recall Phase 
involved a task where participants imagined the speech, and the Rest Interval provided time for rest.
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The duration for each phase was determined through a preliminary pilot experiment. We selected 20 sen-
tences from the dataset, including both the shortest and longest sentences. In the reading phase, we initially 
considered reading times of 4,000 ms, 4,500 ms, 5,000 ms, 5,500 ms, and 6,000 ms based on an estimate of 
typical reading habits among Chinese individuals. Three participants each read these 20 sentences five times 
with varying durations. Two participants reported that 5,000 ms was just sufficient to read and memorize the 
sentences, while one participant reported that 4,500 ms was adequate. Therefore, we ultimately selected 5,000 
ms as the reading time. For the longest sentence, this equates to 333 ms per character, which is very close to the 
350 ms per character used in the ChineseEEG study9. Similarly, in the recall phase, we tested durations of 3,000 ms,  
3,300 ms, 3,500 ms, 3,800 ms, and 4,000 ms to identify the most appropriate timing before commencing the 
experiment, and observed that 3300 ms was the optimal duration.

Our experimental paradigm presents a significant challenge for participants, primarily for three reasons. 
First, the requirement for precise memory necessitates that participants maintain continuous attention to mini-
mize errors. Secondly, existing research on imagined speech has mainly concentrated on the recall of individual 
words2,13–16. In contrast, our experiment was designed to ask the subjects to recall a single sentences, thereby 
increasing their memory load. Thirdly, previous studies have indicated that even within a single subject, brain 
states can vary over time25–27, introducing potential noise into language decoding tasks. To mitigate this issue, 
we arrange experiments for each participant in a condensed manner, with 9 blocks per day. This approach sig-
nificantly reduces variance within the data set, thereby enhancing its quality. However, the high intensity of this 
schedule poses a challenge to subjects.

In this context, the pre-experimental training and selection of participants, as well as data quality control 
during the experiment, become particularly critical. To ensure participants were well-adapted to our experi-
mental paradigm, in addition to receiving IBMT training before the experiment, participants were also required 
to recall text at a pace of approximately one character every 220ms. To facilitate this, we designed a software 
that displayed one character every 220ms, which participants were instructed to follow and read this, thereby 
acclimating to the rhythm.

In addition, to ensure the quality of data collected during the experiment, we evaluated the attention of par-
ticipants during the experiment. We incorporated random attention checks into the experimental paradigm. In 
each block, we added a test at the end of 10 randomly selected trials, requiring participants to verbally recount 
the memorized content. This was evaluated by experimenters, and a discrepancy of more than four characters 
from the original text was considered a recall error, Fig. 4 provides a specific example. If a participant made 
two or more errors in these 10 tests, they were deemed to have lapses in concentration during that period. 
Subsequently, a rest period was provided to the participant to ensure attention restoration, followed by restarting 
the block.

Data acquisition.  The study was conducted in an electrically shielded room. Participants were seated com-
fortably in front of a computer screen, positioned at a distance of 80 cm from the screen, directly facing the center. 

Trial 1 Trial 2 Trial 3 Trial 148 Trial 149 Trial 150

Time
Interval 1 Interval 2 Interval 3 Interval 148 Interval 149Interval 8 Interval 14 Interval 35

Randomly select 10 intervals Procedure pause and add quality 
control

Interval 8
Interval 14
Interval 35
Interval 56

Experimenter

Translation: What was your 
memory just now

Subject

Translation: Today's dinner 
tasted great

Translation: Okay, the 
experiment continues

Record participant performance: Correct.

Experimenter

Translation: What was your 
memory just now

Subject

Translation: The food today 
was delicious

Translation: Okay, the 
experiment continues

Record participant performance: Incorrect.

Quality control interval

Trial 14

Translation: Today's dinner 
tasted great

Interval 67

Fig. 4  An example of quality control. Each block consisted of 150 trials and 150 rest intervals, with 10 rest 
intervals randomly selected for quality control. For example, in one block, trial 14 was selected, with the correct 
answer being ‘Today’s dinner tasted great’. To minimize participant movement, researchers communicated 
orally with the participants to confirm the accuracy of their responses.
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The stimuli were presented on a 26-inch screen with a refresh rate of 60 Hz and a resolution of 1920  × 1080 pix-
els. Visual stimuli consisted of sentences drawn from daily language, ranging in length from 6 to 15 Chinese char-
acters. These were displayed in 28-point Song typeface, on a single line, centrally placed on a grey background 
with white text to prevent dazzling and eye fatigue. Participants were also offered snacks and water during the 
breaks and were encouraged to rest.

Additionally, a personalized head case was designed for each participant with three objectives in mind. First, 
to control head movements and thereby reduce noise from electrode displacement. Second, the head case pro-
vides support to the participant’s head, alleviating physical fatigue during prolonged experimental sessions. 
Third, since each participant needs to participate in the experiment for 5 days, the head case ensured that the 
positioning of electrodes on the scalp remained consistent each time the EEG cap was reapplied, thereby reduc-
ing the internal variance of the data.

EEG data were collected using the SynAmps-2 128-channel Amplifier and the 128-channels Quik-Cap, both 
manufactured by Compumedics Neuroscan. The Curry 9 software, also from Compumedics Neuroscan, was 
employed for hardware control and impedance checks before each experiment, ensuring impedances were below 
40 kΩ. The gap between the scalp and the electrodes was filled with a conductive ZPTC® Easy Gel.

After each experimental block, PC2 generated and stored an EDF file containing continuous recordings from 
the 125 EEG channels, 6 external channels (utilized to record the vertical and horizontal electrooculography 
signals, as well as the voltages at the mastoids on both sides), and mark signals. The experiments were conducted 
with a sampling rate of 1 kHz using alternating current (AC) mode, with an accuracy of 3 nV/LSB. Stimulus 
presentation was managed using the open-source software package, PsychoPy28 (v2023.2.3).

Data preprocessing.  Preprocessing was implemented in Python, primarily using the MNE library29. We 
performed minimal preprocessing on the data to retain the maximum amount of valid information, allowing 
researchers to tailor further processing to their specific needs. The preprocessing pipeline is illustrated in Fig. 5, 
with detailed explanations of each step provided below.

Resampling.  The raw data stored in the .edf file contains records of the complete EEG signals as well as the 
events, with a sample rate of 1,000 Hz. We resampled the data to 500 Hz. Since there is still debate about which 
frequency bands contain the information related to imagined speech30–32, we employed a conservative down-
sampling approach. According to the Nyquist sampling theorem33, our high-frequency sampling rate of 500 Hz 
fully captures EEG information below 250 Hz, which includes the ultra-high gamma band32.

Raw data
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(500Hz)

PREP ( bad channel interpolation )

find_bad_by_SNR

Bad channel detection

find_bad_by_correlation

find_bad_by_RANSAC

find_bad_by_deviation

Spherical spline interpolation

Re-reference

Filter ( notch filter and high-pass filter )
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Fig. 5  EEG preprocessing pipeline (part (f) cites previous work35). (a) Raw data were recorded at a sampling 
rate of 1,000 Hz, stored in the original .edf files. (b) The raw data were then downsampled to 500 Hz. (c) The 
PREP algorithm was applied for bad channel detection and re-referencing. (d) Power line noise was removed, 
and high-pass filtering was performed. (e) The data were segmented according to the experimental paradigm. 
(f) Bad data spans and breaks were rejected using the Autoreject algorithm. (g) ICA algorithm was used to 
remove noise such as EOG and EMG.
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The PREP pipeline.  PREP is a standardized early-stage EEG processing procedure, which was applied after data 
resampling34. A summary of the PREP pipeline is: 

	 1.	 Removing line noise without committing to a specific filtering strategy.
	 2.	 Robustly reference the signal relative to an estimate of the “true” average reterence.
	 3.	 Detect and interpolate bad channels relative to this reference.
	 4.	 Retain suffcient information to allow users to re-reference using another method or to undo interpolation 

of a particular channel.

Filtering.  In this part, we only applied a 50 Hz notch filter to remove power line noise and a zero-phase 
high-pass finite impulse response filter with a lower cutoff at 1 Hz. We did not perform low-pass filtering for 
reasons detailed in the “Resampling” discussion.

Data segmentation.  The continuous recorded data were segmented, dividing it into two kinds of segments 
based on the experimental paradigm: the phase from 0 to 5s after the event marker was designated as the reading 
segment, while the phase from 5 to 8.3s was defined as the imagined speech segment.

Autoreject.  The Autoreject algorithm was employed to automatically identify and reject bad data spans and 
breaks35. This technique optimizes the rejection thresholds on a per-channel basis, ensuring that the cleaning 
process is adaptive and minimizes the loss of good data.

Independent components analysis (ICA).  ICA is a standard and widely used blind source separation method 
for removing artifacts from EEG signals36. For our dataset, ICA processing was performed only on the EEG 
channels, using the MNE implementation of the extended infomax ICA. Due to the wide frequency range of 
our data, we set the number of independent components to 30, higher than in other neural language decoding 
studies9, ensuring that they capture the majority of the information. For noise component identification, we 
combined MNE-ICALabel automatic annotation with manual evaluation, ensuring accuracy without excessively 
increasing the manual processing burden.

Data Records
All data files, including the raw recordings, can be accessed at the OpenNeuro repository and conform to BIDS 
standards37. All files are contained in a main folder called “Chisco”38, structured as depicted in Fig. 6. Public data 
is distributed under the CC0 License39.

Chisco

derivatives

sub-01

ses-01

ses-02

...
sub-02

sub-03

preprocessed_fif

preprocessed_pkl

sub-01

eeg

sub-01_task-imagine_run-01_eeg.fif

...
sub-02

sub-03

textdataset

json

split_data_1.xlsx

split_data_2.xlsx

...

classnumber.json

textmaps.json

sub-01

sub-02

sub-03

EEG Raw Data

……
Original Texts

“ ”:
…… Text Classification Dictionary

Sampling rate: 1 kHz
Mode: AC
Accuracy: 3 nV/LSB
…

Data Collection Configuration

Electrode Coordinate System

Preprocessed EEG Data

[ EEG feature vector,  Text ]
[-1.26559862e-06, -5.96290951e-06, ...,
7.18812368e-06, 7.76067529e-06 ],
[-2.19220770e-06, -5.33733887e-06, ...,
7.85813078e-06, 7.98616272e-06, ],

EEG-Text Dataset (for Machine 
Learning Applications)

Fig. 6  Dataset structure. The dataset includes raw data from three participants, preprocessed data, text data, 
and JSON files formatted for use in machine learning programs.
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The open-source dataset includes raw data, preprocessed data and text data. The preprocessed data is avail-
able in two formats: .fif files suitable for neuroscience research and .pkl files designed for machine learning and 
BCI studies.

Raw data.  The raw data are stored in the sub-01, sub-02, and sub-03 folders, corresponding to three subjects. 
Different ses identifiers represent data collected on different days. The raw data files contain continuous record-
ings of the entire session for all 125 channels. The .edf file includes all EEG data and tagged events, along with 
information about the recording sampling rate, channel names and recording filters. Raw events are extracted 
from the raw data file and contain tags synchronized with the recorded signals. Each event code with ID 65,380 
marks the start of a trial, with a total of 20,043 trials acquired.

Preprocessed data.  The preprocessed data are stored in the derivatives folder. The preprocessed_fif and 
preprocessed_pkl files correspond to two different data formats, but they were preprocessed in the same manner, 
as described in the “Data preprocessing” subsection of the “Methods”.

Each of .fif files contains an MNE segment object, with the EEG data information of all trials in the corre-
sponding session, including the sentences corresponding to each segment stored as metadata. The preprocessed 
data are also stored in .pkl format, which contains a list where each item is a dictionary entry in the form of 
{“text”: sentence, “input_features”: data}. Here, the “sentence” represents the text read or imagined, and the 
“data” is an ndarray containing the corresponding EEG segment.

Text data.  The textdataset folder contains crowdsourced raw text data. The JSON files store this data in a 
dictionary format, facilitating the development of code for subsequent research based on this dataset.

Technical Validation
Event related potentials (ERPs) and Eye Blinks During Imagined Speech.  It is well-known that 
ERPs can capture the brain’s response to specific events and relate these responses to time, thus providing detailed 
insights into the dynamic processes of brain information processing. We aimed to identify how participants’ brain 
activity was modulated by the experimental tasks. To this end, we calculated ERPs using all available trials, the 
results are shown in Fig. 7. To improve the precision of ERPs calculations, we computed the union of bad channels 
from all trials and excluded these channels from the final images. The results indicate that participants exhibit 
a significant ERP in the EEG upon entering the recall phase. This is consistent with the responses of a healthy 
human brain40.

Furthermore, the spontaneous eyeblink rate (SEBR) has been demonstrated to serve as a measure of partic-
ipants’ responses to visual stimuli41. We analyzed the SEBR across different phases of the task cycle, as shown 
in Table 2. The results indicate that all participants exhibited a significantly lower blink rate during the reading 
phase and the resting interval, where a fixation cross was displayed on the screen, compared to the imagined 
speech recall phase. This suggests that participants actively engaged with the visual stimuli of the experimental 
paradigm, as evidenced by a reduced SEBR, reflecting their effort to gather more visual information. These find-
ings demonstrate the participants’ active cooperation with the experimental procedure.

EEG topographic mapping.  As illustrated in Fig. 7, the activities of different brain regions exhibit markedly 
distinct patterns. To further analyze these differences, we used all available trials to separately calculate the brain 
region activity of the three participants throughout the imagined speech process. As shown in the Fig. 8, the brain 
activity of the three participants exhibited remarkable consistency during the imagined speech process.

S1 S2 S3

0.50.0 1.51.0 2.0 2.5 3.0 0.50.0 1.51.0 2.0 2.5 3.0 0.50.0 1.51.0 2.0 2.5 3.0

Corresponding to 5s 
of trial workflow

Fig. 7  ERPs of different subjects.

Subject ID Reading Phase Recall Phase Rest Interval

S1 6.90 9.09 6.55

S2 11.92 15.99 10.91

S3 7.57 10.24 7.52

Table 2.  Spontaneous eyeblink rate (SEBR) across different phases of the task. Values represent the average 
blink rate per minute across all available trials for each participant.
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Since all three participants were right-handed, the left hemisphere of their brains is dominant. Initially, 
around 0.1s, the occipital lobe showed significant activation, which is associated with the processing of visual 
information42, indicating that participants first received instructions to perform the recall phase through visual 
input. Subsequently, at around 0.2s, the posterior part of the temporal lobe and inferior parietal lobule was acti-
vated, indicating that participants were generating sentence semantics43. At 0.3s, the left hemisphere’s parietal 
lobe and temporal lobe were activated, consistent with previous studies44 that show these regions are engaged 
during creative tasks. This marks the transition to the next stage of sentence generation for the participants.

For S1 and S2, the left temporal regions showed significant activation. This indicates that the participants 
were constructing the grammatical structure of sentences45, a process that starting from 0.4s and lasting approx-
imately 0.3s, and S3 completed this process at 0.6s. Following this, the frontal and parts of the parietal lobes 
became the most active brain regions, which are involved in logical thinking and motor control46,47. This sug-
gests that participants were managing the imagined speech process and to suppress any muscle movements.

Additionally, around 1.4s, significant activation was observed in the right hemisphere of the brain, associated 
with emotion and visual imagination48. This implies that during the imagined speech, participants might have 
had positive or negative connotations and visual imagery related to the sentence semantics.

Semantic information in EEG.  To demonstrate that our imagined speech dataset contains effective seman-
tic information and to provide a baseline for future work based on this dataset, we constructed a deep learning 
model to classify imagined speech EEG signals. Our model is built on EEGNet49 and Transformer Encoder50 
architectures. The input to the model is preprocessed imagined speech EEG signals, and the output is the seman-
tic category of the sentence corresponding to the imagined speech, as annotated in the “Text materials” subsec-
tion of “Methods”, encompassing 39 categories. The model architecture is illustrated in Fig. 9.

The mathematical formulation of the model can be formally expressed as follows: 

= .�y xMLP(Transformer_encoder(EEGNet( )))

The training objective of the model is: 

∑= − .
=

L L ( )y ymin , log
i

i i
1

39
�

S2

S3

S1

0.1 s 0.2 s 0.3 s 0.4 s 0.5 s 0.6 s 0.7 s 0.8 s 1.4 s 2.0 s 2.6 s

0.1 s 0.2 s 0.3 s 0.4 s 0.5 s 0.6 s 0.7 s 0.8 s 1.4 s 2.0 s 2.6 s

0.1 s 0.2 s 0.3 s 0.4 s 0.5 s 0.6 s 0.7 s 0.8 s 1.4 s 2.0 s 2.6 s

Corresponding to 5.1s 
of trial workflow

Fig. 8  Topographical maps of grand averaged imagined speech.

EEGnet Transformer
Encoder

Linear 
Layer

EEG  feature 
extraction EEG  classification

Preprocessed imagined 
speech EEG signals Categories

Food and Dining 0.62

Hobbies 0.09

0.08

Nature and Weather 0.02

… …Stimulus: Today's dinner tasted great.

Fig. 9  Model architecture. First, EEGNet was employed to extract primary EEG features from the preprocessed 
EEG data. Subsequently, self-attention mechanism was applied using a transformer encoder combined with a 
fully connected layer for classification, ultimately yielding the classification results.

https://doi.org/10.1038/s41597-024-04114-1


1 0Scientific Data |         (2024) 11:1265  | https://doi.org/10.1038/s41597-024-04114-1

www.nature.com/scientificdatawww.nature.com/scientificdata/

where x represents the preprocessed imagined speech EEG signals, EEGNet(x) denotes the feature extraction 
layer using the EEGNet architecture, Transformer_encoder(⋅) indicates the application of the Transformer 
Encoder to the extracted features, MLP(⋅) refers to the Linear Layer used to classify the output from the 
Transformer Encoder, y� is the predicted probability distribution over the 39 semantic categories, y is the true 
probability distribution over the 39 semantic categories and is a one-hot vector, L is the cross-entropy loss.

The final classification results are shown in the Fig. 10, with all three subjects achieving significantly higher 
than random classification accuracy and F1, demonstrating active participation in the experiment. In this 
method, we obtain random values by disrupting the correspondence between the input EEG signals x and their 
associated labels y. This approach prevents the model from learning how to compute the correct labels from the 
EEG signals, while still allowing it to learn from the label distribution. The experimental results indicate that the 
Chisco EEG signals contain valid semantic information.

Moreover, to assess the consistency of neural language representations across different subjects, we refer-
enced a previously established method to calculate inter-subject correlation (ISC)51. This approach involves 
applying spatial filters to EEG signals, followed by computing Pearson correlation coefficients on the filtered 
data. In our experiment, we first randomly combined training data from three subjects to train the classifier in 
Fig. 9, subsequently utilizing the trained EEGNet as a spatial filter. The mathematical formulation is as follows: 

∑=
∑ − ∑ − ∑

∑ − ∑ ∑ − ∑=

= = =

= = = =
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where m denotes the number of trials each subject completed, and n represents the dimensionality of the signal 
for each trial post-EEGNet filtering. Specifically, aij refers to the j-th dimension of the filtered EEG signal from 
the i-th trial of subject A, while bij represents the corresponding filtered EEG signal from subject B. Our results 
yielded correlations of r(S1, S2) = 0.126, r(S2, S3) = 0.147, and r(S1, S3) = 0.168, closely aligning with prior 
experimental ranges (0.1 - 0.25)51.

Comparison of decoding between imagined speech and reading stimuli.  To compare with previ-
ous work, we applied the same method to the Zuco dataset8, which contains EEG recordings of human reading 
tasks. However, since Zuco does not include sentence categories, we used k-means clustering and determined, 
using the elbow method52, that the Zuco dataset contains 22 semantic categories. As illustrated in the Fig. 11, the 
x-axis represents the number of clusters, while the y-axis denotes the SSE (Sum of Squared Errors). The elbow 
point, indicating the optimal number of clusters, is observed at 22. Given the relatively small number of categories 
in the Zuco dataset, the classification task is comparatively simple. To ensure a fair comparison between Zuco and 
Chisco, we employed the Cohen’s Kappa Coefficient (CKC)53 for comparison, defined by the following formula: 

=
−

−
CKC

p p
p1

,o e

e

 where po represents the observed accuracy, pe denotes the expected accuracy by chance, and CKC can represent 
the difficulty of classification tasks, the lower the CKC value, the more challenging the decoding task becomes. 
As depicted in the Table 3, decoding EEG during imagined speech is more challenging than decoding EEG dur-
ing reading. This aligns with our intuition and previous research54, as the brain’s response during reading is more 
robust compared to the self-initiated brain activity associated with imagined speech.

Fig. 10  The results of semantic classification. The accuracy and F1 scores of the three participants and their 
corresponding random baseline values.
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Limitations and future work.  Given the specificity of EEG signals across different subjects, we extended 
the experimental duration for each participant to facilitate subsequent research on language decoding BCI based 
on Chisco. Each participant completed 6,681 trials, with the experimental stimuli covering nearly all aspects of 
everyday language use, resulting in over 900 minutes of EEG recording time, with more than 360 minutes ded-
icated to imagined speech EEG recordings. To the best of our knowledge, this represents the largest dataset per 
individual currently available for decoding neural language.

Therefore, we have reason to believe that the 900 minutes of EEG recordings capture brain activity associ-
ated with a broad range of everyday language use. Additionally, compared to shorter durations, 900 minutes of 
EEG data is beneficial, as machine learning models have limited capacity to learn from noisy data. As shown in 
Fig. 12, we reduced the dataset size to train the EEG semantic classifier discussed in the previous section, and 
the classifier’s performance improved with increasing data. Each value in the figure represents the average of 
five repetitions. However, despite the extended recording time, the dataset remains insufficient, as the curve 
indicates that even with all available data, performance has yet to reach a plateau. According to the scaling laws 
of machine learning, the curve shows no clear trend of diminishing marginal returns55. Therefore, effectively 
expanding the dataset and efficiently utilizing existing data will be key directions for future research in imagined 
speech decoding.

Furthermore, exploring the similarities and differences in neural representations of imagined speech at the 
sentence level across different subjects is of significant interest. This endeavor will require future studies to be 
conducted with larger participant cohorts. We believe that this study provides a valuable reference point for such 
future research.

Usage Notes
To analyze and process the raw EEG signals, we recommend modifying our data preprocessing script. Our data 
preprocessing script was developed in Python 3.7, utilizing the MNE-Python package v1.6.0, MNE-icalabel 
v0.6.0, Pyprep v0.4.3, and Autoject v0.4.3.

For those interested in using our EEG signals for BCI development or machine learning research, we recom-
mend using the preprocessed .pkl files available in Chisco. These files can be read using Python’s pickle package 

Fig. 11  Utilizing the elbow method with k-means clustering on the Zuco dataset. The green line corresponds to 
the elbow point, where the curve transitions from a steep decline to a more gradual slope, indicating the onset of 
diminishing returns.

Subject ID Accuracy Random Accuracy CKC

S1 13.88 5.52 8.85

S2 13.59 5.55 8.51

S3 14.02 5.93 8.60

Zuco8 27.80 12.87 17.14

Table 3.  Comparing semantic information in EEG during imagined speech and reading tasks.
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and are compatible with various versions of PyTorch. The code provided in “Semantic information in EEG” can 
serve as an example of a machine learning application and can be used as a baseline for future research. In our 
example, we used Python 3.7 along with the following libraries: Scikit-learn v1.3.2, Torch v2.3.1, Numpy v1.23.1, 
and Transformers v4.41.0.

For analyzing the preprocessed EEG signals, we recommend using our preprocessed .fif files. As a special-
ized file format for storing neuroscience data, .fif has broader applicability and can be used with tools such as 
FieldTrip and MNE.

Code availability
In line with the philosophy of reproducible research, all codes used in this paper, including those for stimulus 
presentation, data preprocessing, and technical validation, are accessible at https://github.com/zhangzihan-is-
good/Chisco. The usage instructions and parameter settings for all codes can also be found at this link.
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