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A comprehensive EEG dataset of 
laser-evoked potentials for pain 
research
Xiangyue Zhao1,2, Jingyao Zhou1,2, Libo Zhang   1, Yun Zhuang3, Haoqing Duan4, Shiyu Wei1,2, 
Suchen Yao1,2, Xuejing Lu1,2, Yanzhi Bi1,2 ✉ & Li Hu1,2 ✉

Understanding the neural mechanisms of pain is key to the development of novel pain diagnostic and 
treatment strategies. Here, we present a large-scale, comprehensive electroencephalogram (EEG) 
dataset of laser-evoked potentials (LEPs) from 678 healthy participants. This dataset comprises high-
density EEG recordings and single-trial self-reported pain ratings in response to nociceptive laser stimuli 
of varying intensities (from 2.5 J to 4.5 J) delivered to either the left or right dorsum of the hand, without 
any physical or psychological interventions. As the largest nociceptive-evoked EEG dataset to date, it 
can serve as a valuable resource for mechanistic pain studies such as investigating electrophysiological 
underpinnings of within-individual and between-individual pain variations, for clinical studies such as 
providing normal values of LEPs to assess the possible lesions of pain pathways, and for methodological 
innovations in EEG signal processing such as optimizing preprocessing pipelines and developing new 
analytical tools.

Background & Summary
Pain is a fundamental sensory and emotional experience crucial for survival, but this protective mechanism 
can become pathological in chronic pain conditions, leading to significant impairment in quality of life1. 
Understanding the neural mechanisms of pain is key to the development of novel pain diagnostic and treatment 
strategies. Noninvasive brain imaging technologies such as electroencephalography (EEG) have led to remarka-
ble advancements in elucidating the cortical processing of pain signals and the interplay between physiological 
and psychological processes in pain perception2,3. For example, nociceptive-evoked brain potentials like N1, N2, 
and P2 waves, and neural oscillations like alpha- and gamma-band oscillations have been shown to encode stim-
ulus intensity4, spatial information5,6, and subjective pain perception7. These responses have also been utilized 
to build models that accurately predict pain perception at both within and between individuals8–10. In addition 
to pain perception, nociceptive-evoked EEG responses have also been associated with motor and autonomic 
responses to pain11,12 and could be influenced by various psychological factors like expectation on pain13–15. 
Crucially, laser-evoked potentials (LEPs) can be used to assess the peripheral and central nervous system lesions 
of pain pathways16, thus providing a reliable diagnostic tool in clinical applications16.

Despite these advancements, the field of pain neuroimaging also faces significant challenges. One key chal-
lenge is that pain research is often hindered by small sample sizes. Many findings in this field have been based 
on sample sizes of fewer than 30 participants. Such small sample sizes can lead to serious problems, includ-
ing insufficient statistical power, overestimation of effect sizes, and false positive or negative findings17–19. A 
large-scale EEG dataset can help address these challenges by providing extensive, high-quality data that enhance 
the precision and scope of scientific research20,21. Furthermore, the promise of personalized pain treatment 
remains unfulfilled. Identifying neural biomarkers of individual differences in pain perception is a crucial issue, 
as it would enable precise diagnosis and tailored therapeutic interventions9, ultimately improving patient care. 
However, current research on pain biomarkers is fraught with difficulties. One major challenge is the low predic-
tive performance of existing biomarker candidates, which limits their widespread applications22. In addition to 
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basic research efforts aimed at uncovering pain mechanisms, scientists may also develop advanced technologies 
and methodologies, such as machine learning algorithms, to better analyze the complex associations between 
pain and neural responses, and to construct more reliable pain biomarkers.

Notably, large-scale EEG datasets have already played a pivotal role in advancing neuroscience research, 
particularly in elucidating neural mechanisms and enhancing disease diagnosis. For instance, the MODMA 
dataset—which comprises EEG and audio recordings from 108 clinically depressed patients and matched 
healthy controls23—has been employed to demonstrate the diagnostic potential of EEG-based methods for 
depression using diverse analytical techniques24,25. Likewise, Kiessner et al. leveraged the TUH-EEG Corpus, 
which contains clinical EEG data from over 10,000 epilepsy patients26, to show that larger datasets substan-
tially improve the accuracy of pathology decoding from EEG signals, thereby enhancing the effectiveness of 
machine-learning-based diagnostic models27,28.

Similarly, establishing a comprehensive EEG dataset for pain research helps overcome these challenges and 
harnesses the potential of big data. To support research in uncovering the neural dynamics underlying pain 
perception and facilitate the development of more reliable pain biomarkers, we present a comprehensive LEP 
dataset. Our dataset includes EEG recordings and self-reported pain ratings from 678 healthy participants who 
received nociceptive laser stimuli of varying intensities (laser power: from 2.5 J to 4.5 J) and at different sites 
(left- or right-hand dorsum)4,10,29–31. It focuses solely on non-intervention conditions to help provide normal 
nociceptive-evoked neural responses. Nociceptive laser stimulators, which emit heat radiation pulses, are a pre-
ferred method for inducing experimental pain, as they selectively activate nociceptive-specific Aδ and C fiber 
nerve endings in the superficial layers of the skin, without causing tactile interference32. This large-scale dataset 
enables the study of fundamental pain processing and provides insights into neural responses to standardized 
nociceptive stimuli. Potential applications include mechanistic pain studies, such as investigating the electro-
physiological underpinnings of within-individual and between-individual pain variations. The dataset also sup-
ports methodological innovations in EEG signal processing, including the development of new analytical tools, 
such as computational models and machine learning algorithms. Beyond basic research, it can serve as a diag-
nostic tool for providing normal values of LEPs to assess the possible lesions of pain pathways. By deepening our 
understanding of pain processing, this dataset has the potential to significantly advance pain research, ultimately 
aiding therapeutic development and improving clinical outcomes.

Methods
Participants.  The database comprises a total of 678 participants, distributed across 9 distinct experiments 
with varying sample sizes: 26 participants in Experiment 133, 29 in Experiment 234, 39 in Experiment 335, 30 in 
Experiment 436, 65 in Experiment 537, 95 in Experiment 638, 142 in Experiment 739, 223 in Experiment 840, and 
29 in Experiment 941. Demographic information, including age and gender, was collected for each participant 
(Table 1). None of the participants had a history of psychiatric disorders, drug abuse, neurosurgical interventions, 
or implantable medical devices. Written informed consent was obtained from all participants, and the experi-
mental procedures were reviewed and approved by the local ethics review committee (Southwest University for 
Experiments 6 and 9; Institute of Psychology, Chinese Academy of Sciences for Experiments 1, 2, 3, 4, 5, 7, and 
8 [H17025, H22032, H17026, H21103]). All procedures were conducted in accordance with the ethical guide-
lines of the 1964 Declaration of Helsinki and its later amendments. All research data has been consented to by 
participants, with explicit agreement for public sharing. Data sharing follows the appropriate ethical approval 
procedures to ensure the privacy of participants is fully protected. Participants received financial compensation 
for their involvement. Prior to each experiment, participants were instructed to maintain a regular sleep-wake 

Exp. N Age Gender Study objectives Main findings

1 26 21.12 ± 1.97 8 M/18 F Analgesic effects of music Music reduced pain unpleasantness and P2 
amplitudes29.

2 29 24.45 ± 2.71 13 M/16 F Analgesic effects of synchronous 
combination of VR and TENS

Combination of VR and TENS reduced pain 
and LEP amplitudes30.

3 39 22.70 ± 1.90 16 M/23 F Mechanism of movement-induced 
hypoalgesia

Hand-shaking reduced pain and LEP 
amplitudes31.

4 30 23.50 ± 2.66 8 M/22 F Sustained analgesic effects of drumming 
rhythm

In-phase drumming reduced pain and N2 
amplitudes.

5 65 22.83 ± 2.45 33 M/32 F Acute analgesic effects of drumming 
rhythm

In-phase drumming reduced pain and N2 
amplitudes.

6 95 21.63 ± 1.80 35 M/60 F Brain responses to nociceptive stimuli LEP responses encoded pain intensity and 
stimulus intensity48–51.

7 142 21.76 ± 4.60 53 M/89 F Neural indicators of pain perception LEP responses robustly encode pain 
discriminability10.

8 223 20.83 ± 2.29 93 M/130 F Neural indicators of pain perception LEP responses robustly encode pain 
discriminability10.

9 29 21.52 ± 1.74 16 M/13 F Brain responses to concomitant activations 
of Aδ and C nociceptors

Both Aδ- and C-LEPs can be reliably detected 
in most participants when using optimal 
stimulus parameters4.

Table 1.  Overview of study objectives and main findings of each experiment. Note: Age data are presented as 
mean ± standard deviation. VR, virtual reality; TENS, transcutaneous electrical nerve stimulation; LEP, laser-
evoked potentials; C-LEPs, C-fiber laser-evoked potentials.
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cycle and abstain from alcohol or excessive caffeine consumption for at least 24 hours before the experiment. To 
facilitate rapid EEG setup, participants were asked to refrain from using heavy makeup, facial moisturizers, or 
hair/scalp products. An overview of the study objectives, main findings, and related publications for each exper-
iment is provided in Table 1.

Demographic information.  The demographic information of the participants can be found in the partic-
ipants.tsv file included in the dataset. The data were extracted from paper records and manually entered into the 
file. Each column in the file is thoroughly explained in the participants.json file, which provides detailed defini-
tions of the data elements. Among the participants, the average age of males is 22.00 ± 3.10 years (mean ± stand-
ard deviation [SD]), and the average age of females is 21.48 ± 3.03 years. This meticulous documentation ensures 
clarity and facilitates further analysis and research.

Data collection design.  For all experiments in the dataset, the trial structure was largely consistent (Fig. 1). 
In each trial, participants were instructed to focus on the laser stimuli, keep their eyes open, and looked at the 
fixation point displayed on the screen. After each laser stimulation, participants had a few seconds to report their 
subjective pain intensity using the Numerical Rating Scale (NRS), either verbally or via a computer keypress. 
The NRS is an 11-point scale ranging from 0 (no pain) to 10 (worst pain imaginable)42,43, with 4 indicating the 
pinprick pain threshold for most datasets44,45. The next stimulation was then delivered after a random interval. 
Detailed information for each experiment is presented in Table 2.

Laser stimulation.  Nociceptive laser stimuli in all experiments were radiant heat pulses generated by an 
infrared neodymium yttrium aluminum perovskite (Nd:YAP) laser (Electronical Engineering, Italy). The laser 
emitted at a wavelength of 1.34 µm with a pulse duration of 4 ms46. The laser pulse was applied to a pre-defined 
area on the dorsum of either the left or right hand. The He-Ne laser pulse was transmitted through an optical fiber 
and focused by lenses to a spot with a diameter of ~7 mm. The laser beam target was manually displaced by at least 
1 cm in a random direction to prevent fatigue or sensitization of nociceptors.

EEG data acquisition.  The dataset utilized three different types of EEG acquisition devices across various 
experiments:

Biosemi: For Experiments 1 and 7, EEG was continuously recorded using the ActiveTwo AD-box (BioSemi, 
Netherlands) at a sampling rate of 1024 Hz from direct current. Participants wore an EEG cap fitted with 
62-channel Ag/AgCl electrodes placed according to the international 10–20 system. Electrode impedance was 
kept below 10 kΩ. The Biosemi system employs a “zero reference” setup, replacing the traditional “ground” 
electrode with two separate electrodes: a Common Mode Sense active electrode and a Driven Right Leg passive 
electrode. These electrodes form a feedback loop, driving the participant’s average potential as close as possible 
to the Analog-to-Digital Converter reference, which is considered the amplifier’s “zero” (for more information, 
see https://www.biosemi.com/faq/cms&drl.htm).

ANT Neuro: In Experiments 2, 4, and 5, we used the ANT Neuro EEG acquisition system (Eenschede, the 
Netherlands). Participants wore an EEG cap fitted with 32-channel Ag/AgCl electrodes placed according to the 
international 10–20 system, with a sampling rate set at 1000 Hz. The impedance between the scalp and electrodes 
was kept below 10 kΩ during acquisition, and CPz was used as the online reference.

Brain Products: In Experiments 3, 6, 8, and 9, EEG data were collected using the Brain Products EEG system 
(Germany). Participants wore an EEG cap fitted with 64-channel Ag/AgCl electrodes placed according to the 
international 10–20 system, with a sampling rate set at 1000 Hz. Impedance for all electrodes was maintained 
below 10 kΩ, with the tip of the nose serving as the reference electrode. Electro-oculographic (EOG) signals 
were also recorded to monitor eye movements and blinks.

EEG data preprocessing.  The preprocessing results are stored in the derivatives folder. The Brain Imaging 
Data Structure (BIDS) data were imported into EEGLAB for merging and electrode localization (the localiza-
tion files used can be found in the code-preprocessing_.m file). The merged and localized data files (*.set) are 
saved in the derivatives-session_merged_data folder. The merged data includes all the raw data collected during 
the experiments, with some experiments with additional sensory modalities or interventions. However, only 
the data with nociceptive laser stimuli, either pre-intervention or non-intervention, were extracted for preproc-
essing and subsequent technical validation. The extracted data underwent high-pass filtering with a cutoff fre-
quency of 1 Hz, low-pass filtering with a cutoff frequency of 100 Hz, and notch filtering from 48 Hz to 52 Hz. EEG 
epochs were extracted using a time window of 3000 ms (1000 ms before and 2000 ms after stimulus onset), and 
the baseline was corrected using the pre-stimulus interval (-1000 ms ~ 0 ms). Based on visual inspection, trials 
contaminated by artifacts due to gross movements were removed (manual removal numbers are recorded in 
the CSV-preprocessing.csv file). Additionally, trials contaminated by eye blinks and movements were corrected 

Fig. 1  Trial structure.
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using the independent component analysis (ICA) algorithm “runica” in EEGLAB47. We kept the data file that 
marked the ICA component to be removed in the derivatives-mark_ica folder. To clearly display time-domain 
LEP responses, low-pass filtering at 30 Hz was applied. Re-referencing was performed using the average reference 
across the whole brain, with the re-referenced data files stored in the derivatives-rerefer folder.

Data Records
The main database contains the raw data from all experiments and is made available in accordance with the 
BIDS standards (Fig. 2). The dataset can be accessed directly at:

[Experiment133: https://doi.org/10.18112/openneuro.ds005284.v1.0.0;
Experiment234: https://doi.org/10.18112/openneuro.ds005285.v1.0.0;
Experiment335: https://doi.org/10.18112/openneuro.ds005289.v1.0.0;
Experiment436: https://doi.org/10.18112/openneuro.ds005286.v1.0.0;
Experiment537: https://doi.org/10.18112/openneuro.ds005291.v1.0.0;
Experiment638: https://doi.org/10.18112/openneuro.ds005293.v1.0.0;
Experiment739: https://doi.org/10.18112/openneuro.ds005292.v1.0.0;
Experiment840: https://doi.org/10.18112/openneuro.ds005280.v1.0.0;
Experiment941: https://doi.org/10.18112/openneuro.ds005473.v1.0.0].

Exp.
EEG 
device

Stimulated 
hand Laser power (J)

Stimulated 
area (cm2)

Block 
numbers

Trial 
numbers /
block

Inter-trial 
interval (s)

Fixation 
time (s)

Rating 
time (s)

1 BioSemi Left 7 out of 10 4π 1 16 1–3 3–5 3–5

2 ANT Left 4 out of 10 for low pain; 7 out of 10 for high pain 5 × 5 4 40 6–8 3 5

3 BP Left 7 out of 10 4π 1 10 7 5 5

4 ANT Right 7 out of 10 4π 1 30 2–4 3 5

5 ANT Right 7 out of 10 4π 1 30 2–4 3 5

6 BP Both 2.25/3/3.75/4.5; 2.5/3/3.5/4; 2/2.5/3/3.5 2 × 3 6 12–14 4.75–6.75 3–5 3.5

7 BioSemi Left 3/3.5; 3.5/4 5 × 5 3 10 4–6 3 5

8 BP Left 3/3.5; 3.5/4 5 × 5 3 10 4–6 3 5

9 BP Left (Right 
for sub013) 1/1.25/1.5/1.75/2/2.25/2.5/2.75/3/3.25/3.5/3.75/4/4.25/4.5 2 × 3 2 60–75 2–7 3–6 5

Table 2.  Experimental parameters for each experiment. Note: “4 out of 10” or “7 out of 10” in the Laser power 
column refer to the laser stimulus intensity set at the level where participants reported an NRS score of 4 or 7. 
Fixation time refers to fixation time after pain stimulation.

Fig. 2  BIDS data structure.
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Additionally, preprocessed data and the corresponding MATLAB codes are included in the dataset, which 
can be accessed directly at: https://github.com/XiangyueZhao/Supplement-Data.

All experimental information is stored within the dataset. The dataset_description.json file provides 
details on the experiment names, authors, licenses, and indexing information. The README file includes an 

Fig. 3  The relationship between stimulus intensities and pain ratings.

Fig. 4  Technical validations. (a) The average LEP responses at the Cz electrode for different stimulus intensities 
(2.5 J to 4.5 J). Each curve represents the average response for a specific stimulus intensity, highlighting 
variations in peak amplitudes and latencies. (b) The average LEP responses at the Cz electrode for different 
pain ratings (1 to 10), with each line color representing a specific pain rating. The results illustrate how EEG 
responses change with increasing ratings of perceived pain. (c) Scalp topographies of N2 and P2 waves for 
different stimulus intensities. (d) Scalp topographies of N2 and P2 waves for different ratings of perceived pain. 
The timestamp on each map indicates the peak latency of N2 or P2 wave.
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introduction to each experiment, descriptions of the experimental procedures, participant information, and 
additional details. The task-xxx_events.json files contain detailed descriptions of the condition types for each 
experiment, along with the time units used for event recording.

Single trial behavioral data.  During the preprocessing process, the stimulus intensity and subjective rating 
of pain perception for each single trial were recorded in each participant’s .set file. When the data is opened in 
EEGLAB, these values can be found in the EEG.epoch structure.

EEG data.  All data are named according to the experiments and identified as follows: 26_ByBiosemi, 29_
ByANT, 39_ByBP, 30_ByANT, 65_ByANT, 95_ByBP, 142_ByBiosemi, 223_ByBP, and 29_ByBP. The raw data are 
organized by subject participation and named as sub-xxx (where xxx is the subject number, starting from 001). 
For each subject, data are arranged by session and include original EEG data files (formats: _eeg.eeg/_eeg.bdf), 
along with the associated _channels.tsv, _electrodes.tsv, _events.tsv, and _eeg.json files. The _channels.tsv file 
contains the names, types, and units of electrode channels; the _electrodes.tsv file contains the electrode posi-
tions; the _events.tsv file records the start and duration of each event, the sampling rate, and the type of markers; 
the _eeg.json file provides details on the data collection institution, address, department, equipment used, EEG 
reference electrode, project name, number of electrodes, sampling type, sampling time, and sampling frequency.

Technical Validation
Our technical validation includes quality control of behavioral data and EEG responses to nociceptive laser 
stimuli. The relationship between stimulus intensities (in unit of Joule [J]) and pain ratings is illustrated in Fig. 3, 
showing an increasing trend of higher pain ratings corresponding to higher stimulus intensities. These behav-
ioral patterns offer valuable insights into how varying stimulus intensities influence subjective pain perception, 
supporting the validity of graded laser stimulus intensities in eliciting graded pain perception.

For the EEG data, we calculated LEP responses for each stimulus intensity (Fig. 4, the code and the .mat 
data file are available in the supplement folder, directly accessible at: https://github.com/XiangyueZhao/
Supplement-Data). As expected, LEP responses remarkedly increased with stimulus intensities of nociceptive 
laser stimuli. A similar relationship was observed between LEP responses and subjective pain ratings, confirm-
ing the strong relationship among nociceptive stimulus intensities, subjective pain ratings, and LEP responses 
in our dataset.

Data availability
All research data has been consented to by participants, with explicit agreement for public sharing. Data sharing 
follows the appropriate ethical approval procedures to ensure the privacy of participants is fully protected.

Code availability
The latest versions of all related codes are available in this repository: [https://github.com/XiangyueZhao/
Supplement-Data].
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