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Abstract

Electroencephalography (EEG) is widely used in cognitive neuroscience, clinical
diagnosis, and brain—computer interfaces (BCIs). Recent work has begun to
explore large-scale EEG pretraining for transferable representation learning, which
requires diverse and well-organized EEG data across tasks and populations.
Currently, public EEG datasets are scattered across platforms and publications and
show substantial variation in experimental paradigms, recording settings, and
metadata standards. This fragmentation makes large-scale discovery, integration,
and reuse inefficient, particularly for foundation model pretraining. To address this,
we systematically screened publicly available EEG datasets updated from 2020 to
2026 and constructed a unified EEG dataset registry tailored to scalable pretraining
and benchmarking. The primary output of this work was a registry with structured
metadata enabling efficient dataset discovery, filtering, and direct retrieval for EEG
foundation model pretraining. We reviewed more than 900 publications and
curated 827 eligible datasets, organized under a six-category taxonomy (cognitive,
BCI, naturalistic, clinical, neuromodulation, and methodological). For each data-
set, we recorded standardized metadata fields as reported, including task paradigm,
device, channels, montage, sampling rate, number of participants, region, age,
health status, license, data modalities, and label availability, together with
embedded dataset and literature links to support direct retrieval. Using this curated
inventory, we present a characterization of EEG resources, including domain
imbalance and platform concentration, which highlights the difficulty of assem-
bling corpora from sources. The registry offers centralized access and standardized
descriptions, reducing the cost of discovery and cross-dataset alignment and
supporting the pretraining and evaluation of EEG foundation models.
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1 | INTRODUCTION

Electroencephalography (EEG) is a noninvasive technique
that records brain electrical activity via electrodes placed on
the scalp.!"! Owing to its high temporal resolution, relatively
low cost, and ease of deployment, EEG has been widely used
in cognitive neuroscience research,>® clinical diagnosis
and prognostic evaluation,!” "' and state monitoring and
feedback signal acquisition in closed-loop neuromodulation
systems.l'*"'*! In brain—computer interfaces (BCIs), EEG is
commonly employed for external device control and cogni-
tive state decoding.!'>” It has also been applied for the
recognition of states such as attention,?!) fatigue, and
workload.[?*?*! Recently, the rapid development of portable
and wearable EEG devices® has enabled researchers to
acquire EEG signals in real-world scenarios such as physical
movement and driving,”>?% thereby further expanding the
application scope of EEG.?7 3%

As application contexts broaden, the quantity and variety
of public EEG datasets have steadily increased. These
datasets are disseminated across several platforms, including
OpenNeuro, Zenodo, Figshare, OSF, ScienceDB, and
PhysioNet. They encompass a wide range of task paradigms
and subject groups, and some further include multimodal
synchronous recordings and detailed annotations. Never-
theless, current public resources are highly fragmented, as
datasets differ markedly in experimental designs, recording
equipment, data formats, and annotation definitions, thereby
raising the costs associated with data search, comparison,
and reuse. In deep learning driving advances in large-scale
representation learning, how to systematically identify and
integrate available EEG data resources has become a pre-
requisite for related research, including foundation model
pretraining.

At present, deep learning—based artificial intelligence
approaches are extensively used in computer vision,*'-*!
natural language processing, medical imaging, and related
domains.’** %! This progress has fostered the emergence of
foundation models pretrained on large-scale and heteroge-
neous datasets.?*3”! For instance, GPT-3 exhibits robust
generalization under few-shot and zero-shot conditions
through autoregressive pretraining on large text corpora,
whereas CLIP employs contrastive pretraining on large
collections of image—text pairs to learn cross-modal align-
ment, exemplifying a paradigm that builds on universal
representation pretraining followed by downstream task
adaptation. Central to this paradigm is the ability to learn
general and transferable representations that perform well
across various downstream tasks. For example, BERT's
pretraining strategy enables effective adaptation to tasks
such as question answering, text classification, and sequence
labeling.**! Similarly, visual self-supervised methods such
as masked autoencoders (MAE) provide strong initial rep-
resentations that benefit image classification, object detec-
tion, and segmentation tasks.*®! In neuroscience, recent
work has focused on learning shared representations across
different types of brain signals. One example is BrainOmni,
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Key Points

What is already known?

e Public electroencephalography (EEG) datasets
have become increasingly important for large-
scale pretraining and general-purpose foundation
model research.

e However, these datasets are scattered across re-
positories and publications, with substantial het-
erogeneity in paradigms, acquisition settings, and
metadata formats.

e This fragmentation makes dataset discovery,
comparison, and cross-dataset reuse difficult.

What does this study add?

e [t introduces a unified public EEG warehouse that
consolidates 827 datasets and more than 130,000
participants in a single structured resource.

e [t provides rich, standardized metadata to support
efficient dataset discovery, filtering, comparison,
and retrieval.

e [t offers a practical infrastructure for scalable
EEG pretraining, benchmarking, and foundation
model development.

which combines EEG and magnetoencephalography (MEG)
data and demonstrates the potential for learning that gener-
alizes across tasks, devices, subjects, and signal modal-
ities.””) In particular, BrainOmni highlights effective
alignment between EEG and MEG representations. In par-
allel, large-scale EEG-based models such as LaBraM show
that learned representations can transfer reliably across
different subjects and experimental tasks.!*)

However, such explorations have not yet formed a
widely accepted paradigm in EEG research. Overall, most
models in the EEG domain are still designed and trained
around a single task or a single dataset; for example, Slee-
pEEGNet for sleep staging represents a classic task-specific
modeling approach.[*'! Recent foundation model studies
have also explicitly shown that existing methods often rely
on isolated, modality- or dataset-specific model paradigms,
thereby limiting cross-domain scalability and reuse. Simul-
taneously, LaBraM further emphasizes that, compared with
the existing approaches designed for specific BCI tasks, it
shows a clear advantage in terms of generalization capa-
bility.!**! Existing pretraining frameworks for general-
purpose EEG foundation models remain limited, as they
lack universal training strategies capable of robust general-
ization across tasks, devices, and subjects. Recent research
efforts have started to tackle these issues. For example,
EEGPT aims to learn general and reliable representations to
mitigate cross-subject variability and channel mismatch,**!
whereas BIOT focuses on cross-dataset learning to address
channel inconsistency, variable sequence lengths, and
missing data.!**! LaBraM similarly presents itself as an early
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exploration of large-scale EEG pretraining, highlighting a
substantial gap in both scale and capability when compared
with foundation models in vision and language.!*"!

The identified gap may primarily stem from limitations
at the data level. Currently, there is no unified, centrally
aggregated, and standardized EEG data resource. Conse-
quently, these data are challenging to leverage at scale and
remain inadequate for the data acquisition, alignment, and
organization necessary for large-scale pretraining. TUH-
EEG points out that although current clinical EEG datasets
are large in scale, the portion that can be directly used for
machine learning remains limited and highly heteroge-
neous.** BrainOmni also indicates that cross-device vari-
ability and the lack of standardization directly affect a
model's ability to generalize across devices.*”! EEG-BIDS
incorporates EEG data into the BIDS organizational frame-
work, highlighting the urgent need for unified data standards
to improve data sharing and utilization efficiency.[*”!

At present, researchers mainly obtain EEG datasets
through two primary approaches. The first approach involves
independently searching for and downloading datasets from
public platforms and the literature based on specific research
questions. For example, researchers can filter datasets by task,
population, or acquisition conditions on platforms such as
PhysioNet and OpenNeuro, or trace data sources through data
availability statements in publications.***”) The second
approach relies on dataset reviews focused on particular
subdomains, such as surveys of publicly available motor im-
agery (MI) datasets in BCI research and overviews of clinical
epilepsy EEG datasets.[*®*° Such reviews are typically of
high quality, but they tend to focus on a single domain and are
unable to simultaneously cover data needs across multiple
tasks and paradigms. Therefore, from the perspective of
foundation model pretraining, existing approaches to EEG
data acquisition remain relatively fragmented. Although
large-scale clinical datasets (e.g., TUH-EEG) and widely used
task-specific datasets (e.g., DEAP) are available, they exhibit
substantial differences in task definitions, acquisition pro-
tocols, channel configurations, and annotation schemes.[#4
Conversely, the lack of a unified data entry point and stan-
dardized organizational schemes increases the cost of data
alignment and organization.'*”’

Given the abovementioned context, constructing an EEG
data repository tailored to the data requirements of founda-
tion models is crucial. Unified aggregation and standardized
descriptions help improve the discoverability and reusability
of public datasets, while reducing the cost of data cleaning
and organization in large-scale pretraining. This objective is
aligned with the FAIR principles and data standardization
practices promoted by EEG-BIDS and OpenNeuro.*>46->1]
Motivated by this consideration, we systematically screened
and curated publicly available EEG resources updated after
2020 and established a unified classification framework. To
enhance transparency and reproducibility, we adopted a
question-oriented taxonomy that organizes datasets by their
primary scientific intent and data-generation context, rather
than by hosting platform or surface task names. We selected

this principle because it captures stable sources of domain
shift relevant to EEG foundation-model pretraining,
including differences in task objective and output type
(e.g., decoding/control vs. mechanism probing), participant
population (healthy vs. clinical), acquisition context (highly
controlled paradigms vs. ecological settings), and the pres-
ence of external interventions that can alter signal distribu-
tions. Accordingly, we define six categories: BCI (datasets
released for decoding/control), cognitive (controlled para-
digms probing core cognitive processes), clinical (datasets
including formally diagnosed patient cohorts or clinically
defined disorders), naturalistic (ecological or weakly con-
strained real-world scenarios), neuromodulation (EEG
collected under explicit stimulation/training interventions),
and methodological (datasets released for artifact/quality
studies, or benchmarking). Using this taxonomy, we
screened and compiled over 800 publicly available EEG
datasets and further organized each category into refined
subcategories. An overview of this taxonomy and the cor-
responding distribution of datasets is shown in Figure 1.

For each dataset, we systematically recorded a multi-
field set of metadata as reported by the original sources,
including task paradigm, device, channels, montage, sam-
pling rate, number of participants, region, age, health status,
license, data modalities, label availability, hosting platform,
publication year, access links, and associated references.

When specific metadata items were not explicitly re-
ported in the original dataset repository or publication, the
corresponding fields were recorded as N/A. This work aimed
to provide a broad-coverage and structured data access point
rather than conducting in-depth methodological evaluations
of individual datasets. By explicitly organizing these meta-
data fields and access pathways, the registry is anticipated to
support efficient dataset discovery, filtering, compatibility
assessment, and scalable dataset aggregation for subsequent
EEG foundation model pretraining. It is publicly available at
Zenodo (https://zenodo.org/records/18815016).

2 | METHODS

This study sought to present a systematic curation of publicly
available EEG datasets. The overall workflow was conducted
in accordance with the PRISMA-ScR guidelines to ensure
process transparency and traceability.>*! As the study focused
on datasets rather than traditional publications, we defined a
three-stage workflow: (1) search across multiple data re-
positories; (2) manual screening based on dataset descriptions;
(3) post-download assessment of data usability and metadata
completion.

2.1 | Search strategy

Publicly available EEG datasets were used as the retrieval
targets, following a search strategy centered on dataset plat-
forms. The search platforms included both domain-specific
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FIGURE 1

repositories for neural and physiological signals and general
scientific data hosting platforms, such as OpenNeuro, Physi-
oNet, OSF, Zenodo, Figshare, ScienceDB, Mendeley Data,
and IEEE DataPort, with specific URLs provided in Table 1.

On each platform, the terms “EEG” and “electroenceph-
alography” were employed as primary keywords to search
dataset titles, keywords/tags, and searchable description fields
(e.g., descriptions, abstracts, and README summaries)
without imposing any language constraints. The last update
time displayed on the data portal websites was used as the
temporal reference, and dataset records with update dates from
2020 to 2026 were included. When an explicit update time-
stamp was not provided by a platform, alternative rules were
applied sequentially to determine the timestamp, with the
source documented. First, the most recent date from the plat-
form's version records or release history was used. Second, the
version or publication date provided in the dataset citation
information was adopted. Finally, a verifiable publication date
from associated research articles or data descriptor papers was
used. The search process was conducted from Sep 6, 2025 to
January 13, 2026. For continuously updated institutional da-
tabases, we additionally recorded their update nature and sub-
corpus structure to improve transparency and reduce omis-
sions within the defined search window.

The following search string was used for data portals:

(TITLE: (“EEG” OR “electroencephalography”)
OR KEYWORDS/TAGS: (“EEG” OR “electroence-
phalography™)
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__ Cognitive
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articipe
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],“-rl\ ]

Metadata Components
- Task Paradigm - [[EEg O
« Device « Sampling Rate
+ Channels * Participants

Overview of the EEG data registry. EEG, electroencephalography.

TABLE 1 List of the EEG repositories screened for suitable
datasets.
Repository URL

Neurology datasets repositories

Openneuro https://openneuro.org/
PhysioNet https://physionet.org/
G-node https://gin.g-node.org/

Databases of data-sharing portals

OSF https://osf.io/
Zenodo https://zenodo.org/
Figshare https://figshare.com/

Mendeley data https://data.mendeley.com/

Dryad https://datadryad.org/

ScienceDB https://www.scidb.cn/en

OR DESCRIPTION: (“EEG” OR *“electroencephalo-
graphy™))

2.2 | Inclusion and exclusion criteria

Dataset records served as the inclusion units, as opposed to
scholarly publications that only report on datasets. Datasets
were eligible for inclusion if they: (i) contained EEG signal
data suitable for analysis; (ii) provided minimally sufficient,
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traceable citation information; and (iii) offered access to
essential metadata required for reuse via the dataset page
and/or related publications. Because metadata detail varies
substantially across platforms, entries with incomplete in-
formation on the record page were permitted to have key
metadata completed during the secondary screening by
consulting linked articles or author information.

The inclusion criteria for the datasets included the
following:

® The dataset record clearly referred to EEG or electroen-
cephalography in its title, keywords, or description;

e The dataset record page was accessible, and the resource
was an independent dataset rather than solely code, tuto-
rials, tools, or sample files;

e The dataset's last updated date on the data portal was within
2020-2026, according to the specified time-window
criteria;

e The dataset included obtainable or verifiable EEG signal
data, either in a unimodal form or within multimodal syn-
chronized recordings, as long as EEG data were present;

e The record included traceable citation information, such
as a DOI, persistent identifier, or standardized platform
citation, enabling data traceability and proper referencing;

e The dataset offered at least minimal information to sup-
port reuse—such as task background, subject details, file
organization, or annotations—or allowed essential meta-
data to be supplemented via related publications.

Conversely, the exclusion criteria for datasets were:

o The dataset record did not mention “EEG” in its title,
keywords, or description, and no evidence suggested that
EEG data were included;

e The resource was not a standalone dataset—being limited
to code, software, tutorials, or sample/test files—and did
not contain analyzable recorded data;

e The dataset page was inaccessible, empty, or not publicly
available;

e The dataset was released only through journal supplemen-
tary materials in the referenced articles without an inde-
pendently hosted dataset record (e.g., repository/institutional
portal page) or a stable, reproducible access pathway;

e The last update time shown on the data portal was outside
the 2020-2026 time window;

e After the description or downloaded files were checked,
the dataset was confirmed to exclude EEG, such as con-
taining only MEG, fMRI, behavioral/questionnaire, or
eye-tracking data;

e Essential metadata were absent and could not be recovered
from related publications, making the task design, partici-
pant characteristics, or recording conditions unclear;

e The downloaded data files were corrupted, could not be
read, or lacked required accompanying files (e.g., event
annotations, channel information, or participant meta-
data), hindering reuse.

After the aggregation of aggregating dataset records
retrieved from all platforms, deduplication was performed.
The deduplication targets mainly included the following:

e Duplicate releases across platforms;

e Different versions or mirrored entries of the same dataset
within a single platform;

e Records with highly similar titles and descriptions point-
ing to the same data source.

Deduplication decisions were primarily based on DOls,
persistent links, project homepages, author information, and
version metadata. Records suspected to originate from
the same source but lacking sufficient information were
retained and further verified during the secondary screening
stage. In the rescreening stage, dataset usability was
assessed at the download and file levels, with emphasis on
the following:

e File completeness and decompressibility;

e Readability and parsability of EEG data files;

e Transparency of data organization and formats (e.g., BIDS
and, EDF/BDF/SET/MAT);

e Provision of essential metadata for reuse, including
channel layouts, event markers, participant information,
and README or data dictionary files.

For datasets with insufficient information on the record
page, associated journal articles, preprints, or data descriptor
papers were retrieved based on the provided citation details,
author information, or project clues to supplement key
metadata such as task paradigms, participant characteristics,
and acquisition protocols. Ultimately, only datasets that
actually contained usable EEG data, provided traceable
citation information, and met the minimum reuse re-
quirements of this study were included. The numbers of
records identified, screened, and included or excluded were
summarized using a PRISMA flow diagram (Figure 2).

2.3 | Extracted information

2.3.1 | Metadata extraction and verification

For each dataset ultimately included, we used a predefined
structured extraction form to collect metadata from the
dataset repository pages and associated publications. When
information on the dataset repository page was insufficient,
descriptions of acquisition protocols, experimental tasks, and
data organization provided in the associated papers were
used as supplementary sources. In cases of discrepancies
between the two sources, verifiable data file structures and
contents were prioritized as the primary reference, and any
differences along with their evidence sources were docu-
mented. For each dataset ultimately included, metadata were
extracted with emphasis on the following:
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( Identification of studies via databases and registers ]
)
Records identified from:
Neurology repositories
OpenNeuro (n = 234)
PhysioNet (n = 4) o . o )
c G-node (n = 9) ecords removed before screening:
-g General repositories : Duplicate records removed (n=16)
8 OSF (n = 451)
= Zenodo (n = 179)
g Figshare (n = 87)
o ScienceDB (n = 25)
Mendeley Data (n = 6)
IEEE DataPort (n = 1)
NEMAR (n = 2)
Independent Websites (n= 10)
~—
)
Records screened (title and description) Records excluded:
(n=992) Not EEG dataset (n = 19)
Not standalone dataset (n = 5)
o
£ Reports sought for retrieval (n = 968) —| Reports not retrieved (n = 129)
c
[
e
Q
& !
Reports excluded:
Reports assessed for eligibility (n = 839) — Not a dataset (n = 6)
Not EEG data (n = 2)
No citable reference (n = 3)
File issues (n = 1)
—

Dataset included in review (n = 827)

FIGURE 2 Dataset selection for inclusion using the PRISMA framework.

Citation and traceability information: DOI (if available),
standardized citation entry or persistent link, unique
dataset URL, and references to associated publications;
Access and release information: access conditions
(e.g., open, restricted, application-based) hosting platform
and publishing organization, last update date recorded by
the portal, and version information when available;

Task and topic annotations: primary categories and
subcategories;

Subject and sample characteristics: population type,
sample size and grouping (when reported), and number of
classes or experimental conditions, if available;

Data modalities and recorded content: modality compo-
sition, and EEG type (e.g., resting-state or task-based);
Experimental and annotation details: number of sessions,
recording duration or number of trials, annotation sources
and formats, and alignment of event information with
EEG signals;

Acquisition devices and parameters: device type, number
of channels, electrode layout, and sampling rate;
Documentation and reuse support: presence of structured
documentation artifacts, including paradigm descriptions,
data dictionaries (variable definitions and directory
structure), and example code or analysis scripts.
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2.3.2 | Taxonomy assignment

For each curated dataset, we determined its category by
consulting the dataset landing page on the hosting platform
(repository description/README/portal metadata) and,
when needed, the associated publications. Category assign-
ment was anchored to the dataset's explicitly stated primary
objective and data-generation context, rather than to the
hosting platform or surface task names alone. In addition to
the six top-level categories, we further recorded refined topic
tags to reflect major subdomains. Each dataset in the registry
was assigned a unique numerical identifier (ID) corre-
sponding to its entry in the master table; the ID served as a
stable internal reference and did not encode category, plat-
form, or temporal information.

Because many public EEG datasets naturally exhibit
overlapping characteristics, we adopted a consistent rule to
ensure corpus-level interpretability: each dataset received a
single primary category for global statistics, while other at-
tributes (e.g., paradigm keywords, auxiliary modalities, and
intervention presence) were preserved as structured metadata
fields. Datasets including formally diagnosed patient cohorts
or clinically defined disorders were categorized as clinical,
even when canonical cognitive paradigms were used during
acquisition. For emotion-related datasets, when the dataset
was explicitly released for emotion decoding/recognition
performance (e.g., supervised classification), we categorized
it as BCI; when the primary goal was to probe mechanistic
emotion processing under controlled experimental condi-
tions, we categorized it as cognitive. Finally, the presence of
continuous or naturalistic-looking stimuli did not by itself
determine naturalistic categorization; we assigned a dataset
to naturalistic only when its primary data-generation context
was ecologically oriented and long-form, where trial-based
experimental control was not the organizing principle of
the recording. Illustrative borderline cases for overlap reso-
lution are provided in the Discussion section below.

3 | RESULTS

3.1 | Overview
Following initial screening, 968 dataset records were sought
for retrieval (Figure 2). After data access and eligibility
assessment, 827 datasets satisfied all inclusion criteria and
were included in the final analysis. The included datasets
were categorized according to a predefined classification
framework (Figure 3A). Overall, the cognitive datasets
constituted the largest category (n = 504), followed by the
clinical (n = 116) and BCI datasets (n = 106). Additional
categories included the naturalistic (» = 55), neuro-
modulation (n = 27), and methodological datasets (n = 19).
In terms of data hosting platforms (Figure 3B), the
included datasets were predominantly concentrated within a
few major open science and neuroscience repositories, with
OSF contributing the largest number (n = 353), followed by

OpenNeuro (n = 173), Zenodo (n = 147), Figshare (n = 78),
and ScienceDB (n = 25). Collectively, these four platforms
accounted for 776 out of 827 included entries (93.8%),
serving as the principal carriers of public EEG data resources
in this study. The remaining datasets were scattered across
various long-tail platforms and standalone websites, such as
G-Node (n = 9), independent sites (n = 19), Dryad (n = 8),
Mendeley Data (n = 6), and PhysioNet (n = 3). A limited
number of datasets were also hosted on platforms including
NEMAR, GigaDB, GitHub, IEEE DataPort, Kaggle, Open-
AIRE, and Synapse (n < 2). Notably, the platform statistics
presented in this section pertain solely to the source distri-
bution of the included sample (n = 827) and do not indicate
the overall volume of EEG datasets available on each plat-
form. Therefore, the hosting platforms and corresponding
links were explicitly recorded for each dataset entry to
support future expanded searches and data reuse. The full
multi-field registry table used for these statistics is available
in filterable Excel formats at Zenodo (https://zenodo.org/re
cords/18815016).

Furthermore, we analyzed the correspondence between
major hosting platforms and major dataset categories.
Considering the limited robustness of category distributions
on small-sample platforms, we restricted the comparison to
platforms with more than five dataset entries (OSF, Open-
Neuro, Zenodo, Figshare, G-Node, Dryad, and Mendeley)
and excluded records hosted on independent websites. As
shown in Figure 4, pronounced systematic differences were
observed in dataset category composition across the plat-
forms. OSF was substantially dominated by the cognitive
datasets (n = 275), with the remaining categories (clinical,
BCI, naturalistic, neuromodulation, and methodological)
contributing relatively small proportions, resulting in a
strongly single-dominant structure. Similarly, OpenNeuro
was dominated by the cognitive datasets (n = 105), but its
comparatively larger shares of clinical (n = 33) and BCI
datasets (» = 18) indicate a greater emphasis on clinically
and technically oriented research. In contrast, Zenodo and
Figshare contributed more prominently to the BCI datasets
(n = 39 and n = 29, respectively); Zenodo also hosted a
substantial number of the clinical datasets (n = 28), whereas
Figshare included relatively fewer clinical datasets (n = 10),
reflecting differences in research orientation. The platforms
with smaller numbers of records, such as G-Node, Dryad,
and Mendeley, were almost entirely concentrated in the
cognitive datasets (n = 8, 6, and 3, respectively) with only
few clinical or BCI dataset entries and limited category
coverage.

3.2 | Datasets under various conditions

3.2.1 | Cognitive datasets

Among the datasets included in this study, the cognitive
datasets formed the largest group (n = 504), covering diverse
task paradigms ranging from sensory processing to cognitive
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control. The datasets were mainly concentrated in four
subcategories—perception (n = 100), learning and memory
(n = 90), language processing (n = 66), and attention
(n = 60)—collectively comprising about two-thirds of the
cognitive datasets. This pattern indicates that public EEG
cognitive datasets are still largely based on event-related
classical paradigms, usually offering well-defined event an-
notations and thus facilitating reuse.l”*! Furthermore, the
datasets on executive function (n = 35) and emotion pro-
cessing (n = 40) offered more complex tasks involving
cognitive control and emotional regulation.”* The social
cognition datasets (n = 30) were mainly centered on inter-
personal interaction tasks and cooperative or competitive
scenarios.!””! The developmental and aging datasets (n = 19)
spanned infant, child, adolescent, and older adult populations

to characterize cognitive differences across developmental
stages.[>®! Beyond these major subcategories, several minor
domains were also represented, including consciousness
(n = 12), decision making (n = 19), sleep (n = 13), meta-
cognition (n = 9), and spatial cognition (n = 2). Because the
cognitive datasets were numerous and mainly concentrated
in a few subcategories, the main text emphasizes the six
most representative subdomains and synthesizes their typical
task paradigms and labeling strategies. The full records of all
remaining subcategories with their access links are available
at Zenodo (https://zenodo.org/records/18815016). Across
these cognitive datasets, experimental data were generally
organized by trials, stimulus types, and time-locked events,
featuring clear event markers and well-defined epoch struc-
tures, which make them particularly suitable for event-
related potential (ERP) and time—frequency analyses and
facilitate data reuse and cross-study comparison.

Perception

The perception category (n = 100) was largely dominated by
the visual (n = 61) and auditory processing datasets (n = 16),
jointly comprising approximately 76% of this category. The
auditory processing datasets primarily used natural sounds,
speech, and music as stimuli, covering speech materials,
musical segments, and environmental sounds, and included
acoustic characteristics such as frequency, pitch, intensity, and
temporal structure.””-**! Common experimental paradigms
include the oddball paradigm, auditory steady-state response,
and sound source localization and separation tasks under
multi-source conditions.>”>® These paradigms are concretely
represented in the public datasets summarized herein. For
instance, dataset #438 examined auditory processing differ-
ences across speech, music, and environmental sound stim-
uli®; dataset #535 provided a systematic comparison of
expectancy violation processing under various oddball and

local-global paradigms'®”’; and dataset #859 examined sound
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source localization and spatial auditory processing through
controlled manipulation of sound source locations.®"!

The visual processing datasets encompassed a broader
range of stimuli and paradigms, including static images,
naturalistic scenes, face or object stimuli, and perception tasks
defined by parametric visual features such as orientation,
spatial frequency, and contrast.'>®* Typical paradigms
comprised visual oddball, rapid serial visual presentation
(RSVP), one-back, predictive cueing, and visual search and
classification tasks. For instance, dataset #103 used an RSVP
paradigm to present multi-class object images and recorded
infants' EEG responses under rapid visual stimulation to study
early visual processing!®®!; dataset #246 investigated the in-
fluence of predictive cues and face stimuli on ERPs to probe
visual expectation and repetition effects!®’); and dataset #420
applied an oddball paradigm that varies shape and examined
distributions to elicit VMMN and examine visual processing
under limited-attention conditions.!®”)

In addition, the perception category comprised a limited
number of datasets addressing multisensory integration
(e.g., audio—visual or olfactory—visual, such as datasets #12
and #62),1°%%) time perception (e.g., dataset #85),1’"! so-
matosensory perception,!’"! and numerical cognition; key
details for these datasets are available at Zenodo (https://ze
nodo.org/records/18815016).

Memory and learning

The memory and learning category was largely dominated by
the working memory (n =41) and long-term memory datasets
(n = 22), jointly comprising 70% of this group. The working
memory datasets focused on information encoding, mainte-
nance, and updating, mainly employing visual stimuli, with
certain tasks integrating auditory or cross-modal inputs.
Typical paradigms comprised n-back, Sternberg, and DMS
tasks, which systematically manipulate memory load, inter-
ference, and delay intervals to assess working memory ca-
pacity and maintenance processes.[”>"* For instance, dataset
#230 examined the rapid clearance of memory representations
after goal completion in a visual working memory paradigm,
highlighting the goal-oriented nature of working memory
under changing task demands.[”>) Conversely, dataset #688
associated visual working memory items with specific actions
and captured parallel neural dynamics of visual and motor
selection during memory-guided behavior, probing how
mnemonic representations are converted into actions.[”®’

The long-term memory datasets were primarily composed
of episodic memory datasets, emphasizing encoding and
retrieval processes across temporal delays and the binding of
memory contents to semantic or contextual cues. Typical
paradigms comprised item recognition, source memory, and
free recall. For instance, dataset #213 used recognition para-
digms together with multivariate classification to study the
continuity of neural states between encoding and retrieval,’”]
while dataset #745 (PEERS) included various free recall and
recognition paradigms with data from several hundred par-
ticipants, facilitating analyses of neural representations and
individual variability in long-term memory processes.'”!

Additionally, a limited number of datasets focused on learning
and neural plasticity are available, with specific entries listed
in Zenodo (https://zenodo.org/records/18815016).

Language processing

The language processing category (n = 66) centered on
neural representations of linguistic information across
perception, comprehension, and control, with stimuli pri-
marily delivered through visual and auditory language in-
puts, including words, sentences, and continuous speech.
Typical tasks comprised lexical and semantic processing,
syntactic operations (e.g., violation detection), and natural-
istic reading and auditory comprehension paradigms,
capturing the temporal dynamics and hierarchical organiza-
tion of language processing.!””*"! For example, dataset #323
recorded bilingual EEG data during cognitive control tasks
while accounting for differences in language experience,
revealing how language use patterns modulate spectral and
ERP indices related to language control®); In contrast,
dataset #639 recorded multichannel EEG responses of in-
fants to natural speech syllables and applied multivariate
analyses to reveal the decompositional and combinatorial
encoding of consonant and vowel features, providing a data
foundation for studying early language perception.'®'!

Attention

The attention datasets primarily investigated how informa-
tion is selected, enhanced, or suppressed under conditions of
multiple stimulus competition or uncertainty, with stimuli
mainly presented in visual and auditory modalities. Typical
paradigms included comprise spatially cued cue—target
tasks, *Htarget—distractor search paradigms,'®*!and temporal
attention designs in continuous stimulus streams, ™ which
correspond to the allocation and modulation of attention
across spatial, feature, and temporal dimensions, respec-
tively. For instance, dataset #441 varied the number of task-
relevant features to examine global shifts in attentional
strategies under uncertain conditions and corresponding
cortico-thalamic activity changes.'®>! Conversely, dataset
#447 integrated subjective reports with high-density EEG to
delineate local slow-wave activity associated with atten-
tional lapses caused by internal attentional shifts or in-
terruptions, offering a valuable resource for investigating
sustained and internal attention states.®®

Executive control

The executive control datasets mainly investigated conflict,
error monitoring, and behavioral adjustment in goal-directed
actions, centering on inhibition, updating, and task-switching
mechanisms. Experimental designs commonly employed
classic conflict and inhibition paradigms, such as Stroop,
Flanker, Simon, Go/No-go, and stop-signal tasks, as well as
rule-switching designs to manipulate control demands and
conflict levels.*”#! For instance, dataset #238 used an au-
diovisual ventriloquism illusion paradigm to induce cross-
modal spatial conflict and measured reaction time and
fronto-central theta activity to examine conflict processing
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during multisensory integration'”’; dataset #383 combined
rule selection and stop-signal tasks and used EEG repre-
sentational similarity analysis to track changes in action-
related representations, thereby investigating modulatory
processes in action inhibition.[>¥

Emotion processing
The motion processing datasets primarily focused on the
perception, evaluation, and regulation of emotions, using
mainly visual and auditory stimuli, with some tasks manip-
ulating emotional valence and arousal via pain or fear con-
ditioning. Typical paradigms comprised emotional face and
image recognition, emotion induction and regulation tasks,
and emotion—cognition interaction paradigms, capturing
emotional modulation of perception, attention, and decision
processes.”'*?! For example, dataset #229 used emotional
face stimuli to compare early emotion-related ERP compo-
nents across different populations, facilitating the study of
individual differences in emotional reactivity,"”*! whereas
dataset #449 integrated emotional face stimuli with feature-
based attention paradigms to assess how attentional alloca-
tion modulates emotion-related ERP components.**!
Within the cognitive datasets, in addition to the high-
frequency subcategories discussed perception, learning and
memory, language processing, attention, executive function,
and emotion processing, our database also included several
smaller yet thematically well-defined cognitive sub-
categories, such as social cognition, development and aging,
consciousness, decision making, sleep, and metacognition.
Due to space limitations, these subcategories are not dis-
cussed individually herein; the corresponding datasets and
key information are systematically compiled and available at
Zenodo (https://zenodo.org/records/18815016).

3.2.2 | BCI datasets
Of the included datasets, the BCI datasets (n = 106) formed a
distinct major category, whose aims ranged from fundamental
neural signal decoding to real-world human—machine inter-
action and assistive control. Overall, the BCI datasets were
divided into three subcategories: The BCI control datasets
(n = 82), BCI cognitive decoding datasets (n = 20), and BCI
passive monitoring datasets (n = 4). BCI control datasets
markedly dominated this category, consistent with the long-
standing focus of BCI research on MI, ERP (e.g., P300), and
steady-state visual evoked potential (SSVEP) as core control
paradigms, indicating that current public EEG BCI datasets
primarily focused serve command-level control and real-time
interaction needs.!”>*®! In contrast, the BCI cognitive decod-
ing datasets primarily focused on the direct decoding of in-
ternal cognitive states such as emotion, attention, or language
intent!®”); BCI passive monitoring datasets focused on the
assessment and tracking of continuous states such as stress,
workload, and fatigue.

Notably, the tasks involving emotion, language, and
attention in the BCI datasets, despite superficial similarities

SHI ET AL.

in stimuli or task structures to the corresponding cognitive
subcategories, were fundamentally different in their research
goals and design rationale. In the cognitive datasets, these
tasks primarily served to explain cognitive mechanisms and
test theoretical hypotheses, focusing on neural processing,
condition contrasts, and interpretability. In the BCI datasets,
the corresponding cognitive processes were explicitly
defined as brain states to be decoded, and experimental de-
signs placed greater emphasis on engineering metrics such as
signal stability, cross-subject generalization, and decoding
accuracy. Consequently, the BCI datasets exhibited highly
engineered and standardized experimental structures:
stimulus—command mappings were strictly fixed; label def-
initions were centered on decoding consistency rather than
psychological process differentiation, and system feedback
mechanisms were fully embedded within the experimental
workflow. This high degree of standardization rendered such
datasets more suitable for algorithm performance bench-
marking, cross-subject generalization evaluation, and online
BCI system validation, rather than for direct modeling of
cognitive mechanisms or theoretical hypothesis testing.

BCI control

The BCI control datasets were designed to convert EEG
signals into control commands with an emphasis on real-
time operation and accuracy, constituting the most mature
and largest-scale area of BCI research. Such datasets pri-
marily focused on several canonical control paradigms,
including MI, SSVEP, and ERP-based control based on P300
or RSVP paradigms.”® The MI datasets utilized w/p
rhythms induced by imagined limb movements to produce
continuous or discrete commands, and were widely used in
cursor control, rehabilitation, and robotic manipula-
tion.””1%) For instance, dataset #596 used standing and
sitting lower-limb MI tasks to supply MI control data for
rehabilitation and assisted gait contexts''®'); Conversely,
dataset #613 presented noninvasive EEG-based multi-DOF
robotic arm control, illustrating the potential of MI control in
real-world interaction and prosthetic manipulation.!'°! The
SSVEP datasets elicited steady-state responses through pe-
riodic visual stimulation to support multi-target selection and
high information transfer rates, and were widely used in
spellers, menu selection, and wearable interactive sys-
tems“oz]; In contrast, dataset #541 extended SSVEP control
into head-mounted AR contexts and compared binocular
congruent and incongruent frequency coding approaches,
offering practical routes for wearable and portable SSVEP
applications.!'®*! The P300 datasets commonly used oddball
or speller paradigms to implement attention-driven com-
mand input by detecting target-related ERPs.

BCI cognitive decoding

The BCI cognitive decoding datasets were mainly used to
identify and characterize cognitive states from EEG data
using tasks that involve attention, language, and emotion
processing. Compared with command-based paradigms such
as MI and SSVEP, these datasets relied less on periodic
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stimulation or fixed commands and more on natural or semi-
natural contexts—such as multi-source auditory scenes, nat-
ural speech materials, or emotion-eliciting stimuli—to obtain
neural features for discriminating cognitive states. The exist-
ing public datasets mainly concentrated on three tasks:
attention decoding, language decoding, and emotion decod-
ing. In attention decoding, the datasets often targeted atten-
tional focus in multi-target or multi-source environments. For
example, dataset #607 employed spatial auditory attention
tasks, recording EEG data under complex audiovisual condi-
tions to distinguish participants' attentional directions and
analyze factors affecting decoding stability.!'®*! In language
decoding, dataset #564 provided large-scale inner-speech
EEG data spanning multiple semantic categories for studying
language and semantic discrimination.!'”! The emotion-
decoding datasets typically elicited emotional states using
images, videos, or imagery tasks. For example, dataset #532
integrated multiple emotion-elicitation contexts to support
discrimination and comparison of emotional states across
different contextual conditions. %)

BCI passive monitoring

BCI passive monitoring datasets were mainly designed for
psychological states, including stress, mental workload, fa-
tigue, and vigilance. Such datasets usually elicited temporal
variations in states by adjusting task difficulty or information
load. Their defining feature was the use of continuous or
ordinal labels to represent state intensity instead of discrete
commands or classes. In contrast to control the BCIs that
depended on clearly segmented trials, the state-monitoring
BCIs focused on long-term EEG signals to track state dy-
namics for evaluation, early warning, and adaptive modu-
lation. These studies mainly emphasized sustained state
tracking and quantification instead of refined decoding of
specific cognitive contents.

3.2.3 | Clinical datasets

The clinical category (n = 116) primarily consisted of EEG
datasets in which patients with specific brain disorders were
asked to perform cognitive or resting-state paradigms,
enabling comparison of their cognitive or physiological brain
states with those of healthy controls. These datasets were
commonly used for disease detection, clinical monitoring
(e.g., sleep disorders and epilepsy), and characterization of
disorder-related brain dysfunction. The datasets on neuro-
logical diseases (n = 41) and psychiatric disorders (n = 31)
formed the core of this category, underscoring the extensive
application of EEG in probing brain functional abnormalities
and neuropsychiatric conditions. To provide a clearer over-
view of our clinical taxonomy, Figure 5 shows how the clinical
datasets are distributed across major disease groups and
representative conditions. In the neurological group, common
conditions included Alzheimer's disease, Parkinson's disease,
brain injury, pain-related conditions, and auditory/cognitive
disorders. In the psychiatric group, the most frequent
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conditions included autism spectrum disorder (ASD),
depression, attention-deficit/hyperactivity disorder (ADHD),
schizophrenia, PTSD, and related neurodevelopmental or
psychosis-spectrum disorders. The epilepsy datasets (n = 19)
primarily addressed seizure detection, interictal feature char-
acterization, and automated diagnosis. The sleep datasets
(n = 9) mainly described sleep-stage organization and its as-
sociations with disease or functional status. Compared with
the EEG datasets developed for cognitive research and BCI,
the clinical EEG datasets placed greater emphasis on defined
patient groups and disease-specific labels. They were mainly
used to characterize clinical populations, improve under-
standing of disease mechanisms, and support diagnostic and
assessment needs in medical practice.

Psychiatric disorders

The Psychiatric EEG datasets mainly addressed abnormal
brain function in populations with mental disorders, including
ASD, ADHD, and schizophrenia. Such datasets commonly
compared patients with healthy controls to delineate atypical
neural activity during perceptual, attentional, emotional, or
cognitive control tasks. Experimentally, these datasets
comprised both resting-state EEG and task paradigms. For
instance, dataset #70 integrated motor imitation paradigms
with EEG and 3D motion-capture recordings to study
EEG-behavior coupling in individuals with ASD during so-
cial motor interactions!'®”; dataset #216 employed visual
paradigms to examine stimulus-locked neural dynamics in
adolescents with ADHD!®); and dataset #133 applied
delayed speech production paradigms to explore abnormal
neural mechanisms underlying speech preparation and
perceptual monitoring in patients with schizophrenia.[' )

Neurological diseases

The EEG datasets on neurological diseases mainly addressed
changes in neural activity associated with impaired brain
function, including locked-in syndrome, neurodegenerative
disorders, brain injury, and disorders of consciousness. In
terms of experimental design, these datasets include both
resting-state EEG and simple task paradigms related to
specific diseases. For example, dataset #703 compared
resting-state spectral features between patients with com-
plete locked-in syndrome and healthy controls!''%; dataset
#803 used rhythmic motor tasks to analyze alterations in
brain activity related to temporal control and motor rhythms
in patients with Parkinson's disease!''!); dataset #366 applies
inhibitory control tasks to compare oscillatory and functional
connectivity features between patients with Alzheimer's
disease or frontotemporal dementia and control groups!''?;
and dataset #155 employed cognitive control paradigms to
evaluate atypical neural oscillations and structure—function
coupling in patients with mild traumatic brain injury.!''?]

Epilepsy

The epilepsy EEG datasets were primarily used for seizure
detection, seizure prediction, and clinical decision support.
These data were mostly derived from real-world clinical
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monitoring settings, covering long-duration continuous re-
cordings and multiple seizure stages, with an emphasis on
temporal continuity and annotation consistency. Among the
public resources, the CHB-MIT and TUH EEG Secizure
Corpus had become widely used benchmarks for seizure
detection and algorithm evaluation. For example, dataset
#776 provided pediatric epilepsy EEG data annotated with
high-frequency oscillations.!''*! Dataset #926 compiled
multichannel EEG data from neonatal epilepsy cases with
seizure annotations from multiple experts.!''*! Derived from
real clinical contexts, these datasets varied widely in
recording length and annotation granularity, providing a
realistic representation of clinical data complexity and thus
serving as appropriate benchmarks for assessing the
robustness and practical utility of seizure detection algo-
rithms in real medical settings. Notably, many epilepsy EEG
datasets were not centrally hosted but were instead released
by research groups or clinical centers via independent
websites, resulting in a fragmented data ecosystem.

Others

In addition to the psychiatric, neurological, and epilepsy-
related datasets, other clinical EEG resources were orga-
nized into several categories with explicit application focuses.
One category consisted of sleep-related datasets, exemplified
by Sleep-EDF, offering overnight PSG and EEG recordings

with manually scored sleep stages and functioning as public
benchmarks for studies of sleep architecture and sleep-stage
features.!"'®! Another group encompassed clinically trans-
lational datasets not confined to a single disease category; for
instance, dataset #393 integrated controlled bed-rest protocols
with oddball ERP paradigms to assess the effects of long-term
activity restriction on neural function, demonstrating the
utility of EEG in quasi-clinical settings.!''”! A further category
comprised metabolic or special-population datasets; for
example, dataset #783 employed task-based EEG to contrast
neural activity between obese and non-obese children in
cognitive paradigms.''®!

3.2.4 | Naturalistic datasets

The naturalistic datasets category (n = 55) mainly examined
EEG dynamics in real-world and complex behavioral set-
tings, highlighting continuous interactions between percep-
tion, action, and the environment. Overall, perception-driven
scenarios predominated, with visual (# = 14) and auditory
scene (n = 12) contexts forming the core, underscoring the
dominance of sensory processing studies under naturalistic
stimulation. Driving (n = 8) and movement (n = 7) scenarios
also represented important components, emphasizing the
applicability of EEG for complex task execution and
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behavioral monitoring. Relative to laboratory paradigms, the
naturalistic datasets exhibited more open task structures and
stimulus control and increased noise and individual vari-
ability but enabled the study of more ecologically valid
cognitive and behavioral states.

Visual scenes

The categorization of visual naturalistic EEG datasets stems
from a shift in research focus from highly controlled
discrete-stimulus paradigms to neural activity changes in
real-world visual contexts. Unlike traditional cognitive tasks,
such studies emphasize how the brain processes continuous
visual input and dynamically adapts neural activity patterns
over time. Accordingly, in this study, the datasets using
natural movies, documentaries, or real-world scene videos as
stimuli and characterized by long-duration recordings and
weak trial structures were classified separately as visual
naturalistic datasets. For example, dataset #239 combined
movie-viewing tasks with event segmentation annotations to
compare neural dynamics across age groups in natural
narrative contexts'?”); conversely, dataset #328 used natural
documentary content to analyze temporal variations in
emotional experience within continuous scenes and their
relationship with visual narrative structure.!''®) This cate-
gory reflected a trend in EEG research from within-paradigm
effects to dynamic brain function in naturalistic contexts,
providing a data foundation for understanding visual pro-
cessing in real-world environments.

Auditory scenes

The auditory naturalistic EEG datasets investigated EEG
dynamics in real auditory environments, emphasizing real-
time tracking and processing of sound streams under
continuous multi-source conditions. They commonly
employed natural speech, narrative materials, or cocktail-
party paradigms to assess EEG tracking of target sound
streams or semantic content under noisy and continuous
semantic input. For instance, dataset #669 integrated natural
narrative speech paradigms with continuous modeling to
delineate time-locked neural responses to word meaning and
contextual information.*® Additionally, dataset #691
captured participants' continuous tracking of target speech
streams in cocktail-party settings to investigate neural
mechanisms of speech stream separation and processing.!'*"’

Driving scenes

The driving scene datasets were built around prolonged,
continuous driving tasks as their experimental paradigm.
They usually included continuous driving with occasional
unexpected events, with synchronized recordings of driving
behavior and EEG to examine fatigue buildup, workload
variations, and their impacts on decision and control per-
formance. For instance, dataset #754 employed prolonged
simulated driving paradigms incorporating random auditory
cues and perturbations to relate EEG features to driving
performance indices across fatigue progression.!'?!'! In
contrast, dataset #547 captured EEG and lane-deviation
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behaviors under sustained attention in an immersive driving
simulator, supporting temporal analyses of driving fatigue
and vigilance decrements.*”)

Movements
The movement datasets primarily comprised EEG recordings
acquired during continuous natural movements, emphasizing
signal variations under real-world movement conditions.
These data were often collected during cycling, sustained
physical activity, or varying exercise loads to analyze how
repetitive movement, sensory feedback, and exercise intensity
modulate neural dynamics. For instance, dataset #134 con-
trasted EEG complexity in resting versus cycling states,
demonstrating a general decrease in EEG complexity during
periodic movement,*>'while dataset #699 systematically
captured EEG data oscillatory dynamics during and following
aerobic exercise of varying intensities, delineating the effects
of exercise load on cortical rhythms.[*!

In addition to the primary naturalistic scenario categories,
a limited number of datasets expand into non-conventional
experimental environments and highly open-ended settings.
For instance, dataset #534 captured continuous EEG during
real MOBA gameplay, reflecting neural dynamics under
concurrent complex visual input, rapid decision-making, and
sustained motor actions.!'?*! Dataset #954 acquired EEG data
and prefrontal oxygenation measures in natural high-altitude
hypoxic settings and, together with Stroop conflict para-
digms, contrasted cognitive control and neural dynamics
across altitude exposure conditions.!'**]

3.2.5 | Neuromodulation datasets

Among the datasets covered in this study, the neuro-
modulation datasets (» = 27) mainly acquired EEG signals
concurrently with external stimulation. These datasets span-
ned multiple stimulation modalities, including transcranial
alternating current stimulation (tACS), transcranial magnetic
stimulation (TMS), and transcranial direct current
stimulatioin (tDCS), as well as other intervention settings
(e.g., focused ultrasound stimulation or combined protocols),
with EEG data recorded before, during, or after stimulation to
examine neural activity differences associated with changes in
stimulation conditions.!'?*'?”! In terms of experimental aims,
these datasets mainly focused on the relationships between
changes in stimulation parameters and EEG rhythms. For
example, dataset #161 used concurrent TMS-EEG with
stimulation over the frontal eye field to causally probe how
top-down signals modulate oscillatory dynamics during visual
processing.!'?! Dataset #381 applied tACS at different fre-
quencies and stimulation sites during a tonic heat pain
paradigm to examine whether oscillatory stimulation modu-
lates pain-related neural and autonomic responses.!'?®
Conversely, dataset #234 combined anodal tDCS with phar-
macological manipulation during a response inhibition task
and analyzed task-related theta-band activity to investigate
shared modulation mechanisms.''*”) Compared with the other
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categories, these datasets typically involved smaller sample
sizes but well-controlled experimental conditions, making
them suitable for comparative analyses of stimulation effects
and methodological validation.

3.2.6 | Methodological datasets

The methodological datasets (» = 19) mainly comprised
EEG resources intended for method validation and pipeline
evaluation. They included datasets collected under a unified
experimental framework across multiple classic paradigms.
For example, dataset #439 (ERP CORE) covered several
commonly used ERP components, facilitating comparisons
of different analysis pipelines and parameter settings.!'*"!
Datasets specifically targeting signal processing problems
were also included, such as dataset #386 for evaluating
neonatal EEG artifact removal methods,''*! and dataset
#277 focused on cardiac field artifact (CFA) correction and
single-trial modeling.!"**! In addition, some datasets featured
methodological explorations in data acquisition, such as
dataset #321, which used a single amplifier to achieve dual-
subject synchronous EEG recordings, providing experi-
mental conditions for multi-agent synchrony analyses. These
methodological datasets were intended for testing and
benchmarking analysis pipelines, signal processing methods,
and experimental organization schemes, rather than for
examining specific cognitive or clinical hypotheses.

4 | DISCUSSION

The findings depict the global structure of publicly available
EEG data along dimensions such as task categories, appli-
cation goals, participant cohorts, and recording contexts.
These categorizations are intended not only to describe the
current landscape but also to answer whether present EEG
data span the critical dimensions needed for training general
foundation models. From a pretraining perspective, the main
limitation in EEG lies not in total data volume but in whether
diverse tasks, populations, and scenarios can be systemati-
cally incorporated into a unified representation-learning
framework. The more than 800 public datasets curated in
this study indicate that, although historically dispersed
across research themes, they form complementary relation-
ships in cognitive functions, populations, and application
goals, providing a practical basis for cross-task representa-
tion learning.

In this registry, we define foundation model adaptability
in a practical manner: whether users can assemble a pre-
training corpus from the registry using clear, searchable
metadata. Concretely, the registry supports corpus con-
struction along four dimensions: (i) temporal organization,
(i1) channel and montage setup, (iii) label compatibility, (iv)
coverage and diversity. For temporal organization, we pro-
vide sampling rate, task paradigm, and dataset/publication
URL, so users can rapidly confirm the released data format
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and the way annotations are organized. For channel and
montage setup, we present device information, channel
count, montage, and modality descriptors to support cross-
dataset alignment. For label compatibility, the registry
explicitly indicates label availability together with task tax-
onomy, enabling users to filter datasets for self-supervised or
supervised training. For coverage and diversity, we include
cohort and acquisition descriptors such as sample size, age,
health status, region, device, and release year. Overall, the
registry makes foundation model adaptability explicit and
reproducible: the corpus can be built by filtering the four
dimensions, instead of relying on subjective judgment.

Table 2 provides a qualitative summary of the five dataset
categories (excluding the methodological datasets). By
relating each category's typical characteristics to pretraining
needs (temporal structure, channel/device setup, label struc-
ture, and diversity), it connects dataset curation with corpus
design and illustrates the repository's adaptability.

4.1 | Resolving category overlap:
Ilustrative boundary cases

Some datasets naturally overlap across categories. Our rule
is simple: we assign one primary category based on the
cohort and the main study context, and we keep other rele-
vant information (e.g., paradigm keywords and additional
modalities) as metadata. For example, canonical cognitive
paradigms can appear in clinically defined cohorts; in such
cases, we categorize the dataset as clinical. Dataset #514
uses a frequency-tagging oddball face-processing paradigm
in participants with autism and neurotypical conditions, so it
is labeled clinical, while oddball/frequency-tagging is
retained in the metadata.''*’]

A similar overlap occurs in emotion-related datasets.
Dataset #945 (SEED-VII) is categorized as BCI because it is
explicitly designed for multimodal emotion recognition and
decoding, whereas dataset #415 is categorized as cognitive
because it focuses on early ERP effects (e.g., P1 modulation)
under a controlled task setting.['**

Finally, naturalistic-looking stimuli alone do not auto-
matically make a dataset naturalistic. Dataset #544 contains
simultaneous EEG—MRI recordings collected during long-
form naturalistic stimuli, but it also includes resting-state
and a controlled checkerboard paradigms.l'>>!  We

TABLE 2 Qualitative mapping from the dataset categories to the
pretraining-relevant features.

Dataset category Typical characteristics

Cognitive Time-locked events; condition-level labels

BCI Decoding targets; structured commands/labels
Naturalistic Long-form recordings; weak trial boundaries
Clinical Population heterogeneity; device/site variability

Neuromodulation Pre/post sessions; repeated measures
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categorize it as naturalistic because naturalistic viewing is a
major recording context, while the checkerboard task,
resting-state, EEG—fMRI setting, and auxiliary modalities
are retained as structured metadata.

4.2 | Distributional bias in public EEG
resources: Category and platform imbalance

42.1 | Category imbalance influenced by
cognitive subcategory granularity

Notably, diversity in the current public EEG ecosystem
mainly stems from broad coverage of dataset types, not from
a balanced number of datasets across types. In our registry,
the cognitive datasets comprise the largest group (n = 504),
while the naturalistic (n = 55), neuromodulation (n = 27),
and methodological (n = 19) datasets are much less com-
mon. Under this distribution, large-scale pretraining that
uses raw category proportions would likely push models
toward laboratory cognitive paradigms and their typical
signal structure, creating a systematic bias.

Additionally, the numerical dominance of cognitive
datasets does not necessarily mean simple redundancy. A key
reason is that different categories have different levels of in-
ternal granularity in how paradigms and releases are orga-
nized. The cognitive category is split into 14 subcategories
(e.g., perception [n = 100], learning and memory [n = 90],
language processing [n = 66], attention [# = 60], emotion
processing [n = 40], executive function [n = 35], and others),
as shown in Figure 6. These subcategories often correspond to
distinct paradigms and independent dataset releases. In
contrast, the other categories are structured more compactly:
the BCI datasets are mostly organized into three main types
(i.e., control, cognitive decoding, and passive paradigms); the
neuromodulation datasets are typically grouped by stimula-
tion modality (e.g., TMS, tDCS, and tACS); the methodo-
logical datasets cluster around a small set of technical goals;
and the clinical datasets, while diverse in pathology, are usu-
ally grouped into a limited number of diagnostic entities.
Consequently, registry-level counts partly reflect finer para-
digm granularity in cognition rather than straightforward
category over-repetition of straightforward categories.

422 | Platform bias and cross-platform
discoverability

Different hosting platforms show clear imbalances in EEG
dataset types. In our registry, OSF is dominated by the
cognitive datasets (275/353), mostly from traditional labo-
ratory paradigms. OpenNeuro is more balanced between the
cognitive and clinical datasets but includes relatively few
neuromodulations and methodological datasets. In contrast,
Zenodo and Figshare host a higher share of the BCI datasets,
especially for control and decoding tasks.
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The identified imbalances likely reflect where different
research communities tend to share data and how each
platform is typically used. OSF is widely adopted in psy-
chology and cognitive neuroscience for project-based
sharing, which often matches controlled laboratory studies.
OpenNeuro is built around neuroscience sharing workflows
and BIDS-style organization, making it easier to release
well-documented datasets across domains. Zenodo and
Figshare are general-purpose portals frequently used for
benchmark releases and engineering-oriented resources,
consistent with their larger fraction of BCI decoding and
control corpora.

Dataset discovery depends heavily on the hosting plat-
form; searching only one platform can over-sample specific
paradigms and increase bias. This is why our registry records
the hosting platform for every dataset and links platforms to
dataset types, so users can filter by platform and sample
across platforms directly from the released table. Addition-
ally, although datasets from different platforms often use
different formats, devices, and protocols, we include a
concrete example showing that they can still be integrated
into a shared representation space for joint modeling when
structured metadata are used to guide the process. For this
reason, we list platform source information in the registry to
support cross-platform selection and integration.

4.2.3 | Broader causes of imbalance

Beyond taxonomy granularity, the shortage of naturalistic
datasets also has practical reasons. Naturalistic paradigms
have only become common in the last few years, and
releasing large naturalistic datasets publicly is often more
difficult: the setups are more complex, event markers and
annotations are less standardized, and standards documen-
tation and data governance are higher. Similar issues also
affect neuromodulation and methodological datasets. These
datasets are often built around controlled interventions or
specific technical validation goals; therefore, they tend to be
smaller and less frequently released at scale.

4.2.4 | Bias risks of proportional sampling and
mitigation

If users convert registry-level dataset counts directly into
sampling ratios for foundation model pretraining, the
training mixture can become biased. In particular, over-
weighting short, trial-based laboratory paradigms may push
the model toward highly structured experimental signals and
reduce hurt robustness on continuous clinical recordings,
naturalistic settings, or data shifted by interventions.
Importantly, our registry does not prescribe any fixed pre-
training mixture. Instead, it provides refined metadata so that
researchers can build a training corpus that matches their
task and generalization goals.
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FIGURE 6 Cognitive subcategory distribution with dataset counts.

To reduce imbalance in practice, we suggest simple
strategies that can be applied directly to the released table: (i)
use domain-aware sampling to control the proportion of
major categories, (ii) weight sampling by usable recording
duration or window counts rather than by dataset entries, and
(iii) utilize the multi-field metadata (e.g., domain/sub-
domain, task context, population, device/montage, sampling
rate, channel count, modalities, and label availability)
for transparent filtering and manual or programmatic
rebalancing.

4.3 | Potential omissions and update
strategy
43.1 | Continuously updated clinical datasets

Even with careful screening, some resources may still be
missed. One common reason is that several large clinical
EEG databases are continuously updated and are hosted on
institutional portals rather than on general-purpose plat-
forms. To ensure transparency about this, we include these
resources in the registry and summarize representative ex-
amples in Table 3, noting both their scale and whether they
are continuously updated. The table covers evolving data-
bases (e.g., TUH-EEG, HBN-EEG, SPaRCNet, and Harvard
EEG) as well as widely used benchmark-style static re-
sources (e.g., the European Epilepsy Database and Sleep-
EDF Expanded).

For continuously updated databases, new data may
appear after our registry snapshot. We therefore explicitly
indicate their update status to clarify the time period covered
by this release and help users choose datasets consistently
for pretraining. TUH-EEG is a prominent example. In our
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registry, we list its major sub-corpora as separate entries to
make them easier to search and filter, and we record its
public access status as of January 2026, which is the cutoff
for this release.

4.3.2 | Regional platforms and non-English
repositories

Regional repositories and non-English data infrastructures
can host EEG datasets that are easy to miss if only major
global platforms are searched. We conducted targeted
searches on regional repositories and added eligible datasets
hosted on ScienceDB. We also checked national-level in-
frastructures (e.g., the National Basic Science Data Center).
However, many EEG resources on the platform are not fully
open: access is often controlled, submissions are project-
based, or redistribution is restricted, which makes large-
scale, reproducible retrieval difficult. Therefore, consistent
with our inclusion criteria (public access and reproducible
retrieval), we did not include these restricted resources in the
main registry statistics. We still note them as an important
area for future expansion when access conditions become
clearer or more open.

433 |
articles

Datasets released only in the referenced

We further acknowledge that some EEG datasets are
distributed only as journal supplementary files in the refer-
enced articles without independent hosting on a dataset re-
pository or institutional portal. While such releases may
contain valuable data, they often lack persistent identifiers,
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TABLE 3 Major clinical EEG databases and update types.

Dataset name Scale

TUH-EEG Large-scale
HBN-EEG Large-scale
SPaRCNet Large-scale

Harvard electroencephalography Large-scale

European epilepsy database Benchmark-scale

Sleep-EDF database expanded Benchmark-scale

stable access pathways, and explicit versioning or citation
mechanisms, which reduce long-term retrievability and
reproducibility. Given that our registry aims to support
scalable dataset discovery and reuse for foundation model
pretraining, we prioritized resources with independently
hosted dataset pages and reproducible access links. We
clarified this inclusion boundary in the revised Methods
section to explicitly define the scope of the registry.

43.4 | Sustainability and update strategy

The registry in this work is meant to be a dynamic resource,
not a one-time catalog. Public EEG datasets are growing
rapidly across platforms, so we designed the registry to grow
with them. We host the release in machine-readable formats
with version control, so readers can track updates and cite or
reproduce a specific snapshot. We plan to update the registry
monthly to add newly released public EEG datasets and keep
the collection current.

To keep the registry reliable over time, we will periodi-
cally re-check major repositories and verify that datasets are
still accessible during each update cycle. When available, we
prefer stable identifiers such as DOIs and will document
changes in dataset links or availability across versions.
Beyond maintenance, the registry is also meant to support
gradual standardization. In future releases, we aim to better
align with EEG-BIDS, provide harmonized preprocessing
examples/pipelines, and improve interoperability with plat-
forms such as OpenNeuro. Over time, we expect the
resource to progress from a curated index to a more stan-
dardized, interoperable foundation for large-scale EEG
research.

44 | From dataset indexing to signal
standardization: Roadmap and a
normalization demonstration

This work provides an EEG dataset registry, not an ETL-
style data warehouse that converts raw signals into a single
unified format. At this stage, we do not transform all raw
EEG data into a fully harmonized corpus. Instead, we pro-
vide a structured, multi-field metadata table that indexes
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Dataset URL

Update nature

Evolving Dataset Link
Evolving Dataset Link
Evolving Dataset Link
Evolving Dataset Link
Static Dataset Link
Static Dataset Link

public datasets with traceable links, so users can find, filter,
and retrieve them reliably.

The registry also records the key information needed for
later normalizing—device, channel count and -electrode
layout, sampling rate, modalities, and annotation details—so
it can serve as a practical starting point for data engineering.
Building on this, future work can move toward signal-level
standardization step by step, such as aligning formats
(e.g., EEG-BIDS), mapping channels and montages,
normalizing sampling rates, using shared preprocessing
protocols, and adding dataset-level quality checks. In this
context, the registry serves as an enabling layer for building
more interoperable, training-ready EEG resources.

A major challenge for foundation model training is still
how to make heterogeneous EEG datasets fit together—
datasets recorded with different devices, montages, and
protocols do not naturally align. To narrow the gap between
registry-level indexing and model training, we provide a
lightweight, task-agnostic normalization demonstration as an
executable reference. We use four representative datasets
(registry IDs #51, #29, #25, and #438) from different re-
positories and file formats, covering distinct paradigms
(RSVP/visual attention, language production, emotion
regulation, and SSVEP). They differ in sampling rate
(500-1024 Hz), channel density (32—128 channels), and
naming conventions, reflecting common real-world vari-
ability. As shown in Figure 7, the demo applies a minimal
normalization pipeline: fixed-length cropping, average re-
referencing, channel alignment to a shared 32-channel
1020 template (via canonical name matching or
geometry-based mapping for EGI systems), resampling to
256 Hz, and 0.5-40 Hz band-pass filtering. The outputs are
exported as format-independent tensors with a unified
channel order, with event tables preserved when available.
The code, configurations, and example outputs are released
on GitHub so others can reuse and extend the pipeline.

However, channel normalization involves unavoidable
compromises. Mapping high-density systems to a reduced
common template can lose spatial detail and blur fine
topographic patterns. Geometry-based interpolation and
name-based matching also cannot remove all differences due
to electrode coverage, density, or head-model assumptions.
We therefore treat strict channel matching as a useful base-
line, not a one-size-fits-all solution. Beyond explicit channel
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FIGURE 7 EEG normalization workflow demonstration.

alignment, other approaches can reduce reliance on identical
montages, such as montage-aware graph models (electrodes
as spatial nodes) or spatial filtering projection to move data
into a shared anatomical space. These methods do not
eliminate montage effects entirely, but they are promising
complementary directions for large-scale EEG foundation
modeling.

4.5 | Limitations and future updates

The scope of this work is intentionally limited. The registry
reflects publicly available EEG datasets within a defined
time window; therefore, the reported statistics and classifi-
cations may change as new datasets are released and existing
resources are updated. Category labels and attribute anno-
tations are taken from original papers and platform de-
scriptions; because terminology and task definitions vary
across studies, some boundary cases and inconsistencies are
inevitable. In addition, we do not provide quantitative as-
sessments of signal quality or experimental design. Instead,
the focus is on discoverability and a structured, machine-
readable representation. For these reasons, the registry

should be viewed as a practical entry point for dataset dis-
covery and corpus construction rather than a final judgment
on the quality of individual datasets. Our next step is sys-
tematic standardization. Building on our normalization
demonstration, we will progressively improve metadata
consistency and expand format/preprocessing alignment for
the datasets in the registry, so more entries can be used
together in a training-ready manner.

5 | CONCLUSION

Public EEG datasets have long existed as isolated, task-
specific, and platform-scattered resources, which substan-
tially limit their reuse for large-scale model development. In
this work, we systematically consolidated these fragmented
datasets into a unified, machine-readable EEG dataset reg-
istry, establishing a structured data space that spans core
cognitive functions, clinical populations, applied BCI para-
digms, naturalistic environments, and causal neuro-
modulation settings. Rather than serving as a conventional
dataset survey, our registry is explicitly designed as a
foundational data infrastructure for large-scale EEG model
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training. By transforming heterogeneous and scattered EEG
resources into a harmonized and accessible data space, this
work provides a practical foundation for the development of
general-purpose EEG foundation models and enables scal-
able cross-dataset learning in the EEG domain.
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