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a b s t r a c t
The current evolution of ‘cloud neuroscience’ leads to more eﬀorts with the large-scale EEG applications, by using
EEG pipelines to handle the rapidly accumulating EEG data. However, there are a few speciﬁc cloud platforms
that seek to address the cloud computational challenges of EEG big data analysis to beneﬁt the EEG community. In
response to the challenges, a WeBrain cloud platform (https://webrain.uestc.edu.cn/) is designed as a web-based
brainformatics platform and computational ecosystem to enable large-scale EEG data storage, exploration and
analysis using cloud high-performance computing (HPC) facilities. WeBrain connects researchers from diﬀerent
ﬁelds to EEG and multimodal tools that have become the norm in the ﬁeld and the cloud processing power
required to handle those large EEG datasets. This platform provides an easy-to-use system for novice users (even
no computer programming skills) and provides satisfactory maintainability, sustainability and ﬂexibility for IT
administrators and tool developers. A range of resources are also available on https://webrain.uestc.edu.cn/,
including documents, manuals, example datasets related to WeBrain, and collected links to open EEG datasets
and tools. It is not necessary for users or administrators to install any software or system, and all that is needed is
a modern web browser, which reduces the technical expertise required to use or manage WeBrain. The WeBrain
platform is sponsored and driven by the China-Canada-Cuba international brain cooperation project (CCC-Axis,
http://ccc-axis.org/), and we hope that WeBrain will be a promising cloud brainformatics platform for exploring
brain information in large-scale EEG applications in the EEG community.

1. Introduction
The ﬁeld of brain science research is at the beginning of a new
era that combines the burgeoning capabilities of the IT revolution with
powerful emerging neuroimaging technologies. First, a number of new
or mature technologies, including electroencephalography (EEG), magnetoencephalography (MEG), magnetic resonance imaging (MRI) and
functional near-infrared spectroscopy (fNIRS), enable us to noninvasively acquire more varied neuroscientiﬁc data at diﬀerent time and
space scales than ever before (Sejnowski et al., 2014). Using these techniques, neuroscience communities around the world, as well as brain
projects promoted by national initiatives (e.g., the Human Connectome
Project (HCP) with more than 1200 subjects (Glasser et al., 2016) and

the European Union Human Brain Project (HBP) with broad cooperation
from 117 partner institutions in Europe (Amunts et al., 2016)), produce
more complex and extensive neuroscientiﬁc datasets, which may imply
the arrival of ‘big data’ age in neurosciences (Sejnowski et al., 2014;
Van Horn and Toga, 2014). In addition, analytic strategies are being
developed to mine underlying massive information from this wealth of
big neuroscientiﬁc data, sometimes termed ‘big data analysis’, including a vast range of univariate and multivariate statistical approaches
(Bzdok and Yeo, 2017; Smith and Nichols, 2018). Second, by addressing
the large-scale multimodal data acquisition, accumulation and analytics, an increasing number of neuroscience researches are being transformed through the application of high performance computing (HPC),
especially cloud computing, which oﬀers abundant resources, such as
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computational power, memory and storage capabilities, to process and
analyze massive multimodal data (Bouchard et al., 2016). Clearly, this
era in neurosciences is experiencing a substantial shift from isolated
single eﬀorts with limited data, methods and computing resources to
a more eﬀorts with larger datasets, more comprehensive methods and
cyberinfrastructures. In addition, with recommendation of open science
(Koch and Jones, 2016), this transition further generates ‘cloud neuroscience’ comprising categories of data, infrastructure, apps, algorithms
and education to accelerate brain science research (Neuro Cloud Consortium, 2016). Therefore, with the rapid development of IT capabilities and the accumulation of big neuroscience data, the eﬃcient integration of IT infrastructures (e.g., distributed computing recourses) and
a wide range of researchers, including neuroscientists (especially the
potential researchers who may have few computer programming experience), neuroinformatic method and tool developers and computer engineers and administrators, in a ﬂexible and sustainable brainformatics
platform of computational ecosystem, remains a considerable challenge.
Since the ﬁrst report was published nearly 90 years ago
(Berger, 1929), the scalp EEG has been an excellent technique for
uncovering brain functions in a wide range of ﬁelds, including clinical neurophysiology (Li et al., 2019a; Xu et al., 2014), cognitive
neuroscience studies (Enriquez-Geppert et al., 2017; Li et al., 2019b;
Tian et al., 2018) and brain-computer interfaces (He et al., 2013;
Zhang et al., 2019; Zhao et al., 2020), due to its high temporal resolution (∼milliseconds), low cost and noninvasive direct measurement
of neuronal activity (Cohen, 2017). Furthermore, in view of the complementarity of the spatiotemporal resolution, the scalp EEG is more
valuable when combined with other imaging modalities, such as MRI
(Dong et al., 2014, 2015a; Friston et al., 2019; Laufs, 2012). Especially,
in clinics, the EEG has been a standard test for diagnosing and characterizing brain diseases, such as epilepsy and strokes, and a basic measurement for the detection of sleep stages (Yamada and Meng, 2012). Over
the last decade, the evolution of brain science research has also led to
more research with large-scale EEG applications in the EEG community.
First, a number of large EEG datasets have been rapidly accumulated
and are publicly available worldwide. For example, the TUH-EEG Corpus (https://www.isip.piconepress.com/projects/tuh_eeg/index.shtml)
is an open EEG database that contains more than 30,000 clinical EEGs from Temple University Hospital (Obeid and Picone, 2016). The “EEG Motor Movement/Imagery Dataset”
contains
(https://archive.physionet.org/pn4/eegmmidb/)
approximately
1500
EEG
recordings
from
109
subjects
(Goldberger et al., 2000; Schalk et al., 2004). The PREDICT database
(http://predict.cs.unm.edu/downloads.php) contains EEG data from
437 psychiatric and neurological patients. The MNI Open iEEG Atlas
(https://mni-open-ieegatlas.research.mcgill.ca/) provides intracranial
EEG data of 1772 channels from 106 subjects (Frauscher et al., 2018).
Furthermore, other open EEG datasets have been released in open
repositories such as PhysioNet (https://www.physionet.org/content/)
and OpenNEURO (https://openneuro.org/), or are personally
collected and shared on the internet (https://sccn.ucsd.edu/
∼arno/fam2data/publicly_available_EEG_data.html).
In
addition,
our lab also accumulated more than 20,000 clinical EEGs and 2000
normal EEGs to date. However, there are few speciﬁc brain information
computing platforms for handling those rapidly accumulating EEG
big data and supporting large-scale EEG applications. Second, to
handle large-scale EEG data, a number of EEG tools and pipelines
are expected and have been developed. For example, while most
traditional MATLAB-based EEG tools, such as EEGLAB (Delorme and
Makeig, 2004), and FieldTrip (Oostenveld et al., 2011), were designed
to detail and batch process small scale EEG data for oﬄine personal
computer users, many MATLAB-based pipeline tools, including PREP

(Bigdely-Shamlo et al., 2015), CTAP (Cowley et al., 2017), HAPPE
(Gabard-Durnam et al., 2018) and Automagic (Pedroni et al., 2019), or
standards such as EEG Study Schema (ESS, http://www.eegstudy.org/)
have been developed to preprocess large-scale EEG raw data and assess
the quality of preprocessed EEG data oﬄine. However, most of these
tools may be diﬃcult to use for average EEG researchers, especially
those with limited programming skills or EEG beginners. These tools
often require familiarity with programming skills, the understanding
of diﬀerent tools with diﬀerent underlying design philosophies and
knowledge of conﬁguration parameters and inputs relative to both EEG
and toolboxes. Furthermore, for heavier computing loads that need to
be solved in HPCs or computing servers, good IT skills, such as those
related to the scheduling software environment and policies used at
each cloud computing site, are further required, which limit their potential for large-scale EEG studies. In addition, the existence of a variety
of options in EEG studies, including varied EEG tools and pipelines,
software and operating environments, methods, parameter settings,
and even the diﬀerent researchers (Botvinik-Nezer et al., 2020), may
decrease the reproducibility of results without a common computing
platform with common pipelines (Nichols et al., 2017). Therefore,
these issues represent a suﬃcient motivation to promote a sustainable
EEG cloud computing platform for large-scale EEG applications with
common tools and pipelines, which may accelerate brain function
discovery via EEG-rich information sources.
Overall, while most current neuroimaging distributed computing
platforms were ﬁrst designed for MRI big data (Makkie et al., 2019;
Manjon and Coupe, 2016; Marcus et al., 2007; Sherif et al., 2014)
or providing HPC resources and technologies (Amunts et al., 2016;
Majumdar et al., 2016) with portal interface plugins (e.g. EEGLAB
plugin, nsgportal) (Martinez-Cancino et al., 2021), there are few speciﬁc brain information platforms for large-scale EEG big data analysis that would well beneﬁt the EEG community. Therefore, driven by
the China-Canada-Cuba international brain cooperation project (CCCAxis, http://ccc-axis.org/, and the history of CCC-Axis can be seen
in http://www.neuro.uestc.edu.cn/neuro/ﬁles/CCC_axis.pdf), which
takes advantage of the complementary strengths and commonalities
from the three partners to forge an integrated computational framework
for brain research, a WeBrain platform (https://webrain.uestc.edu.cn/)
was designed with following abilities:
(1) Wide computational ecosystem integrating IT infrastructures and
researchers with diﬀerent ﬁelds including administrators/IT engineers, brain information method/tool developers and neuroscientists;
(2) Cloud storage and computing with automated accessing and scheduling of computing nodes (e.g., computing servers and HPCs), automated multipoint data movement, and satisfactory isolation and stability of operations from user requests;
(3) Stable and secure service system with lightweight core components,
full logging and monitoring of all user actions, low cost deployment
and operations, and scalability (without architectural bottlenecks);
(4) Maintainability and sustainability by an IT administrator team;
(5) Standardization, stability and ﬂexibility to develop, integrate and
run any tools with any environments;
(6) Convenient web access (no software or system installation required
and no computer programming skill required) to realize the end-toend processing of workﬂows on the cloud.
In this technology report paper, we will ﬁrst brieﬂy overview the
general scheme of the WeBrain platform, and we subsequently introduce
how the above philosophy and guidelines have been implemented in
the WeBrain platform. Next, the illustrations, current deployment and
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Fig. 1. Computational ecosystem in the WeBrain platform. According to the diﬀerent demands and experiences of diﬀerent researchers, three roles including IT
engineers/administrators, tool developers and neuroscience researchers are categorized. For IT engineers and administrators, the daily management and maintenance
of the WeBrain system, as well as management of computing resources, are easy, ﬂexible and eﬃcient. For tool developers, a ﬂexible API of standardized units
(container images) is provided in WeBrain. The developers can develop and build kinds of tool images using the programming language and environment of
their choice, test them in the container using personal computers, and then release them on the cloud repositories so that they can be pulled and audited by
the administrators. For users such as neuroscience researchers, there is no requirement for computer programming skills or installing any software or system. The
workﬂow of WeBrain contains (1) organizing and uploading local data ﬁles to WeBrain, (2) creating and running a computing task, and (3) checking and downloading
results to a personal computer. We note that all these roles are associated with WeBrain and could work independently to some degree.

usage of the platform are presented. At last, a discussion and conclusion
regarding the platform are provided.

and outputs, which is in line with most of tool usages on command
window. The ﬁrst 3 inputs (“Input”, “Output” and “combs_project_id”)
of tools are ﬁxed and required (The ‘Input’ is a string of zip data
ﬁle direction, the ‘Output’ is a string of output direction and the
‘combs_project_id’ is a task ID, respectively), and following parameters
(strings) can be deﬁned by developers (more details see the document
on https://webrain.uestc.edu.cn/documentation.html, “How to Develop
Standard WeBrain Tools”). Considering the consistency and update of
tools developed by diﬀerent languages (e.g., C/MATLAB/Python/JAVA)
in diﬀerent operating environments (Windows/Linux/Mac), tools in WeBrain are standardized units containerized by the virtualization technique such as Docker (https://www.docker.com/). It is suggested that
one generates a standardized unit (container image) that includes everything needed to run the application (e.g., operating system, environments and codes) for development and shipment using the container
technique; therefore, tools can be integrated and called in WeBrain, no
matter what programming languages and environments are used. Therefore, developers can develop all kinds of tools with the WeBrain API
deﬁnition using the programming language and environment of their
choice, test them in the container using their own computers, and then
release them (as well as tool instructions and examples) on a cloud
repository so that they can be pulled by the WeBrain system. Noting
that, for tool developers, there are few requirements of IT skills and
experiences such as k8s conﬁguration, RESTful web service, dashboard
implementation and computing resource scheduling etc. Tool images
will be pulled and audited by the WeBrain administrator ﬁrst, and then
be added and released on the WeBrain platform.
Regarding the role of neuroscience researchers (registered users),
WeBrain provides the good user experience of working on the cloud. In
the WeBrain platform, there is no requirement for computer programming skills or installing any software or system for users. All that is
needed is a modern web browser, which simultaneously reduces the
technical expertise required to use distributed cloud computing and the
kinds of basic and speciﬁc neuroscience tools. The workﬂow of WeBrain
contains (1) organizing and uploading local data ﬁles to WeBrain, (2)
creating and running a computing task, and (3) checking and downloading results to a personal computer. All users will be beneﬁt from these
tool and cloud computing resources that are easy to use.

2. Materials and methods
2.1. Computational ecosystem
To eﬃciently integrate IT infrastructures and researchers in different ﬁelds including administrators/IT engineers, brain information
method/tool developers and neuroscientists, the WeBrain platform was
designed as a sustainable brainformatics platform for a computational
ecosystem. In the WeBrain ecosystem (see Fig. 1), three roles are categorized according to the diﬀerent demands and experiences of diﬀerent
researchers. These roles are associated in the WeBrain ecosystem and
could work independently to some degree. These roles further help to
form a WeBrain virtual community of brainformatics across worldwide
researchers.
2.1.1. Roles in WeBrain
Regarding the roles of administrators and IT engineers, the daily
management and maintenance of the WeBrain system and the management of computing nodes are easy, ﬂexible and eﬃcient because of using the microservice architecture and Docker virtualization technique
to modularize and containerize the functions and resources of the platform. For administrators, most of the daily operations including registration and privilege management, data ﬁles management, tool upgrade
and management, monitor of computing tasks and homepage management, are all realized on the WeBrain website. It is not necessary on the
command-line interface in the backend server directly. And only the IT
team has access to the backend system. Moreover, computing nodes can
be conveniently added (authorized) or removed (expired) by the administrators on the website, and these physical computing resources will be
virtualized and allocated by the WeBrain system automatically.
Regarding the roles of brain information method/tool developers, to
largely decrease the requirements of IT skills and increase the friendliness of the WeBrain platform, a ﬂexible and conceptual application
programming interface (API) of standardized units (container images)
is deﬁned by WeBrain. The API is deﬁned as a function with inputs
3
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2.1.2. WeBrain community
The WeBrain platform is sponsored and driven by the CCC-Axis.
WeBrain is guided by the CBRAIN (http://mcin.ca/technology/cbrain/)
(Sherif et al., 2014) team of the Canadian partners at the Montreal
Neurological Institute of McGill University. And, it may be a natural
companion piece of CBRAIN to go together to promote cooperation researches under CCC-Axis. Meanwhile, due to the three parties’ decades
of accumulated EEG experience, speciﬁc/basic methods and tools developed by three parties will be integrated in the both platforms, and
the WeBrain platform may be a community with natural EEG specialties of data management and processing. Thereby, an active and engaged virtual community, named the International Virtual Community
of Brainformatics (IVCB), is being formed to set the scene for multinational initiatives and cooperation in brain research. And a WeBrain
forum is being developed to realize and promote the virtual community
for WeBrain users. In this virtual community, researchers in diﬀerent
ﬁelds can exchange thoughts and share experiences on EEG researches.
Currently, the WeBrain platform is continuing based on the cooperation
with members of the CCC-Axis (http://ccc-axis.org/) and Joint China
Cuba Joint China Cuba Lab for Frontiers Research in Translational Neurotechnology (https://www.neuroinformatics-collaboratory.org/). And,
WeBrain is participating in two projects, the EEGManyPipelines project
(https://www.eegmanypipelines.org/) and the carbon footprint quantiﬁcation project of the OHBM Neuroimaging Research Pipelines Workgroup (https://neuropipelines.github.io/index). In addition, 1st WeBrain workshop (more than 200 participants) and 1st WeBrain EEG
training course (about 40 participants) were successfully held in
Chengdu. In the future, the WeBrain training course is planned to be
held twice a year (online and oﬄine).

among computing sites). And then, a short-lived one-oﬀ task (i.e. an applicable computing container) according to the loads and types (CPU
or GPU) of computing nodes on the computing site will be created. Because the data ﬁle directory on the data storage nodes is mounted into
the container, the data ﬁles required for analysis are directly loaded and
calculated on the computing nodes, and results will be written back to
mounted storage nodes. Once the analysis is done, the COMBS initiates
transfers of the ﬁnished job information to the master site. Those temporary data and results in the memory on the computing nodes will be
cleaned. COMBS also performs activities including conﬁguring computing nodes (e.g., adding or removing computing nodes and the type of
computing nodes), containerization (e.g., the number of containers per
node, the number of CPUs and memory per container), monitoring containers of computing nodes, recovering failed computing containers, and
queueing jobs when computing resources are completely consumed.
2.4. Maintainable and scalable microservice architecture
The concept of a ‘microservice architecture’ was ﬁrst proposed and
discussed by Fowler and James in 2011 at a workshop of software architecture and formed (Fowler and Lewis, 2014). Compared with a traditional service architecture, the microservice architecture is a new approach to develop applications/service systems by composing of a suite
of small and independent services, with each running its own processes
and communicating via lightweight mechanisms (Dragoni et al., 2017;
Fowler and Lewis, 2014). These small services are built around system
functionalities and could be independently developed and deployed. The
microservice architecture delivers many beneﬁts in terms of its small
size, high ﬂexibility, maintainability and scalability and is becoming a
new trend in software architecture, both in academia and the industrial
ﬁeld. The WeBrain system was therefore developed based on the abovementioned microservice architecture. Basic functionalities of WeBrain,
including the foregrounding web server, management and scheduling
of computing tasks and resources, tools, data and user management,
are functionally decomposed into a set of small services. Each small
service in the WeBrain system is operationally independent from other
service modules and communicates with other services through deﬁned
interfaces. Furthermore, because the adopted microservice architecture
naturally makes containerization applicable to these microservices, new
service modules of the WeBrain system can be directly developed, tested
and maintained in isolation with respect to the rest of the WeBrain system by IT engineers using optimal languages and frameworks. Furthermore, changing or scaling a service module of the WeBrain system requires rebooting or updating the microservices of that module only and
not the whole system. In addition, the foregrounding service module realizes the convenient web access to visit the WeBrain platform for users
(no software or system installation required and no computer programming skill required).

2.2. WeBrain architecture overview
The architecture of WeBrain is composed of three main layers (See
Fig. 2). (i) The user layer is considerable service consumption (i.e. requests from users) through web browsers. (ii) The platform layer hosts
the WeBrain service that is responsible for all requests from the top user
layer, and it realizes users, data and tool management and computing
resource scheduling. (iii) The cloud resource layer represents the wide
cloud resources of tool repositories, data storage and computing nodes.
2.3. Distributed cloud computing
The ﬁrst challenge faced by WeBrain was how to manage and
schedule computer resources (e.g., computing servers and HPCs). Creating standard and virtual units (e.g., containers) of these computing
resources and then developing a centralized system to manage and
schedule these virtualized units would be a ﬂexible and stable way to
overcome this challenge. In the WeBrain system, the process virtualization technique such as Docker was used to orchestrate and manage application containers. All Docker containers are standard, isolated, portable and lightweight units that run on the Docker Engine
(https://www.docker.com/) (Felter et al., 2015; Merkel, 2014). Then,
a subsystem for automated COntainer Management and Batch Schedule (COMBS) was developed to enable computing workloads on cloud
infrastructures using Kubernetes (k8s, https://kubernetes.io/) (Netto
et al., 2017) container orchestration mechanisms. In addition, the above
strategy and realization are invisible to users.
Considering the master site is the entity hosting all WeBrain service, and computing sites are clusters with private storage and computing nodes, COMBS is designed and runs on master site for the management and schedule of computing tasks and containerized computing resources. When receiving a request containing information about the user
ID, computing task ID, tools and parameters to use from users, COMBS
can then automatically package and push the job request to a computing site which user belongs (neuroimaging data ﬁles are not transmitted

2.5. Privacy and security
WeBrain was designed with the well-practice privacy and security
strategies at the forefront to enable secure access to neuroimaging data
and results, protect the safety of database information, and communicate between the master site and computing sites. In the WeBrain platform, users only have access to data and result ﬁles they have added or
calculated through their own account, and user isolation ensures that
the users can not access any information and data of the other users
of the platform. The current way to download or share data and result
ﬁles is using a temporary download link (expires in 30 days), which
is generated and sent to the registered email address by the WeBrain
system. This approach means that only the users can decide to whether
and when to share their data or results by emailing temporary download
links, and this largely reduces the risk of data theft. Furthermore, snapshot technology was used to regularly back up system database records
to ensure that the WeBrain system can be rebuilt at neatest point in
4
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Fig. 2. Architecture of WeBrain. The top layer represents the service consumption of web browser users. The central platform layer hosts the WeBrain service
that is responsible for requests from the top user layer; realizes user, data and tool management; and conducts computing resource scheduling. Noting that, Redis
(https://redis.com/) is used as a caching solution with cache-aside and write-back strategies in WeBrain. The lower right cloud resource layer represents wide cloud
resources of tool repositories, data storage and computing nodes. And, WeBrain is ﬂexible and can expand and reduce resources according to the actual demand.

Table 1
EEG tools/methods and ﬁle formats currently supported by the WeBrain platform (see https://webrain.uestc.edu.cn/documentation.html).

time. Communications in WeBrain (e.g., visiting website, job requests
and system database information) is masked and encrypted based on
Hyper Text Transfer Protocol over Secure Socket Layer (HTTPS), which
is a more secure protocol for authentication of the accessed website, and
protection of the privacy and integrity of the exchanged data while in
transit.

Supported tools/ﬁle formats
EEG tools/methods

2.6. Current tools in WeBrain
Many of the basic or speciﬁc EEG tools are integrated in the WeBrain
platform, since they are commonly used or computationally expensive
and generally complex to use for the novice user (Table 1). Currently,
for EEG preprocessing, WeBrain includes (1) an EEG re-referencing tool
for the reference electrode standardization technique (REST) developed
by our group (Dong et al., 2017; Yao, 2001; Yao et al., 2005), (2) a
stable quality assessment (QA) tool for large-scale continuous EEG raw
data, and 3) standardized and speciﬁc EEG preprocessing pipelines of
large-scale continuous EEG raw data to remove various artifacts. For
further EEG analysis, WeBrain includes (1) power spectrum analysis
based on time-frequency analysis adapted from EEGLAB (Delorme and
Makeig, 2004), (2) EEG network and topology analysis based on graph
theory (partially adapted from the brain connectivity toolbox available
on https://sites.google.com/site/bctnet/ (Rubinov and Sporns, 2010)),
and (3) event-related potential (ERP) analysis at the scalp level. For
EEG source imaging analysis, WeBrain includes (1) the generation of
the conduction model of a real head based on the boundary element
method (BEM) using standard MRI T1 images (adapted from FieldTrip (Oostenveld et al., 2011)), and (2) scalp EEG source imaging
based on a forward model (3-concentric sphere head model or real
head model) and inverse method such as sLORETA (Dale et al., 2000;

EEG ﬁle formats
(Manufacturer/ﬁle
format)

REST
Bad Block Marking
ICA Running
Quality Assessment
Preprocessing of Continuous EEG Raw Data
Power Spectrum Analysis
Event-Related Potential Analysis
EEG Network Calculation
Network Topology Analysis
Generation of Real Head Conduction Model (BEM)
EEG Source Imaging
ASCII/Float ﬁle (∗ .txt)
MATLAB (∗ .mat/∗ .dat)
EEGLAB (∗ .set/∗ .fdt)
Curry 6/7 (∗ .dat/∗ .dap/∗ .rs3)
Curry 8 (∗ .cdt)
BrainProducts/Brain Vision (∗ .vhdr/∗ .vmrk/∗ .dat)
NeuroScan (∗ .cnt/∗ .eeg)
Biosemi/European Data Format (∗ .bdf/∗ .edf)
BIOSIG (∗ .edf/∗ .edf+/∗ .gdf/∗ .bdf)

Pascual-Marqui, 2002). Especially, the EEG REST is a toolbox for a reference electrode standardization technique (Dong et al., 2017; Yao, 2001;
Yao et al., 2005) for translating EEG data with a reference to any a
physical point on brain/body surface or the postprocessed data referenced at average or linked ears to a new dataset with a reference
at inﬁnity where the potential is zero/constant. Meanwhile, the REST
has been listed in the new guidelines of the International Federation
5
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of Clinical Neurophysiology (IFCN) for EEG analysis (Babiloni et al.,
2020). The EEG preprocessing tool is a stable and speciﬁc pipeline to
remove artifacts of continuous EEG raw data. The tool integrates different kinds of methods, including the quality assessment of raw data,
passband and notch ﬁltering, artifact removal using electronystagmogram (EOG) regression and residual artifact removal methods (ICAbased Multiple Artifact Rejection Algorithm (MARA) (Winkler et al.,
2011), ICA-based ADJUST (Mognon et al., 2011), robust PCA (Lin et al.,
2010) or artifact subspace reconstruction (ASR) method (Mullen et al.,
2013, 2015)), bad channel interpolation (spherical spline interpolation
(Perrin et al., 1989) and REST re-referencing or REST-based interpolation method (Dong et al., 2021)), quality assessment of preprocessed
data and marking residual bad blocks. Then, the clean EEG data with
REST reference are ﬁnally obtained. The source imaging tool is a stable
and convenient pipeline to estimate source signals of scalp EEG/ERP
data based on a forward model and inverse method. The approach
consists of checking items including data, channel locations and sampling rate, calculating lead-ﬁeld matrix based on a 3-concentric sphere
head model or real head model, ﬁltering and extracting interested
epochs and estimating source signals using sLORETA inverse method
(Dale et al., 2000; Pascual-Marqui, 2002). In addition, if needed, it
could automatically match source signals to the Automated Anatomical Labeling (AAL) brain template (Tzourio-Mazoyer et al., 2002) to
obtain the averaged source signals of brain regions. These averaged
source signals could be further used for EEG network and topology analyses. More details about these tools, their usages and contributors can
be seen in the tool instructions, which can be downloaded from the
WeBrain website (https://webrain.uestc.edu.cn/documentation.html).
In addition, other resources and personal computer tools including
EEG-fMRI multimodal fusion toolbox, the Neuroscience Information
Toolbox (NIT, https://www.neuro.uestc.edu.cn/NIT.html) (Dong et al.,
2018), the emiCCA toolbox (Dong et al., 2015b), the EEG network
analysis (ENA) toolbox, and WeBrain example datasets and collected
links to open EEG datasets are also available on the WeBrain website
(https://webrain.uestc.edu.cn/resources.html).

to share the ﬁles. The “My Statistic” module (Fig. 7) shows the records
(e.g., number of computing tasks, number of uploaded ﬁles, and ﬁle
sizes) of the usage of a current user during a period of time. At last,
users can change their proﬁles and passwords through the “Account
Settings” module. More details can be seen in the WeBrain manual for
users (https://webrain.uestc.edu.cn/documentation.html).
3.2. Example and reliability of WeBrain
To explore the reliability of the computations performed via WeBrain via two runs performed on the two personal computers, an example EEG dataset during the resting state (eyes closed) was used. A
total of 40 healthy subjects (mean age ± standard deviation = 24 years
± 1.6 years; 31 males and 9 females) were recruited. Written informed
consent in line with the Declaration of Helsinki were obtained before
the resting state EEG recording. The experiment was also approved by
the local ethics committee of the University of Electronic Science and
Technology of China (UESTC). The raw data were ﬁrst preprocessed using the WeBrain EEG preprocessing tool “WB_EEG_prepro” and then utilized to calculate the relative power indices in various frequency bands
using the WeBrain tool “WB_EEG_CalcPower”. The broad bands were
deﬁned by the guidelines (Babiloni et al., 2020; Jobert et al., 2013;
Malver et al., 2014). The same deterministic processing steps (calculating power indices) were also performed on two personal computers
using MATLAB codes adapted from EEGLAB. At last, the intraclass correlation coeﬃcient (ICC) of the relative power indices was calculated
across WeBrain and local personal computer runs. More details of the
experimental paradigm and the EEG recording and processing steps applied to the EEG raw data can be seen in the supplementary materials
and the article (Li et al., 2015).
Fig. 8 shows a preprocessing result of an example EEG raw data from
a subject using the WeBrain platform. Artifacts were well removed by
the preprocessing tool and a bad channel of AF7 was also automatically detected and reconstructed. The results of the power analysis are
shown in Fig. 9, in which the relative power indices in diﬀerent frequency bands are shown in the ﬁrst 3 rows. As we can see, the dominant
delta relative power was found to be in the prefrontal area, and the theta
relative power was at fronto-central area. The alpha1 relative power
was distributed at the occipital and posterior area with a fronto-central
extension, and the alpha2 relative power was at the occipital and posterior area. The dominant beta1 and beta2 relative power was over the
parietal and temporal area. The beta3 and gamma relative power were
limited mainly at the temporal and occipital area. Fig. 9 also shows the
ICC maps across the 3 runs (the ICC values are almost 1). The identical
similarity and reproducibility of the relative power maps demonstrate
the high level of reliability of WeBrain tool output across runs.

3. Results
3.1. Illustrations of usage
Users can visit, register personal accounts and then login to WeBrain on the website (the WeBrain portal is here:
https://webrain.uestc.edu.cn/index.html). The usage of WeBrain
is all realized on the website, and the main components of the user
environment are shown in Figs. 3–7, namely, the “My Monitor”, “My
Project”, “My File”, “My Statistic” and “Account Settings”. The “My
Monitor” module (Fig. 4) shows the state of all computing tasks with
diﬀerent colors (green: succeed; red: failed; blue: terminated and gray:
other). The basic information of computing tasks including the task
name, used tool, selected data and creator, is shown in the box. The “My
Project” module (Fig. 5) shows the list of computing jobs from user operations. Users can create a new computing task by clicking the button
“+new task”, ﬁlling in the task name and description, selecting a tool,
providing the parameters, selecting data ﬁles and clicking the “execute”
button to run the task (or the “save” button to save the task). Users can
also edit the computing task (undone task only), see task details and
delete unwanted tasks (waiting, failed or undone tasks can be deleted
only) by clicking the related buttons. All data transfers, container setup,
scheduler interactions and monitoring are handled behind the scenes
by the WeBrain system. The “My File” module (Fig. 6) shows the list of
all data ﬁles (blue) uploaded by users or result ﬁles (green) calculated
in the WeBrain platform. Users can ﬁlter, manage, delete and download
data ﬁles through a graphical user interface. Note that users only have
access to the data in their account, and they can share/download the
results or data ﬁles through a temporary download link generated by
the WeBrain system; thus, only the users can decide whether and how

3.3. Current deployment and use
The ﬁrst WeBrain infrastructure (UESTC master site) is currently
physically located in the University of Electronic Science and Technology of China, Chengdu, China. The current production deployment of
WeBrain consists of approximately 464 TB storage, 9 CPU nodes (∼31.15
teraFLOPS) and 2 GPU nodes (∼15.33 teraFLOPS), totaling more than
600 CPU cores, 25,700 CUDA cores and 2.5 TB of memory. For a given
job, a container will be newly built and the current limits of CPU and
memory of each container are “minimal 0.1 CPU cores (1 CPU = 1000
milliCPUs) and 100 MB memory” and “maximal 2 CPU cores, 2GB memory”, and the current maximal running time of a job is 7 days. Meanwhile, considering to increase the security and stability of the system,
the limitation of the CPU loads is ﬁrst set as 90% (about 500 CPU
cores), and the maximum of tasks/jobs running simultaneously is set
as 3500, as 70% of theoretical maximum value (5000 tasks/jobs = 500
CPU cores/0.1 CPU cores). The subsystem COMBS in WeBrain could automatically optimizes and allocates an applicable computing container
6
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Fig. 3. The homepage and portal of the WeBrain platform (https://webrain.uestc.edu.cn/).

Fig. 4. “My Monitor” module. It shows the basic information (task name, used tool, selected data and creator) of all computing tasks in the boxes with diﬀerent
colors (green: succeed; red: failed; blue: terminated and gray: other) (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the
web version of this article.).

according to loads of computing resources. And, if the number of running jobs exceeds the maximum value, the new computing requests will
be queued up. In addition, a saturating test using an EEG tool (EEG preprocessing) was conducted on the WeBrain system. Results showed that
the WeBrain system performed well to automatically and dynamically
manage and schedule computing resource allocation without crashing
(Fig. 10).

To our knowledge, currently, at least 51 countries/areas
and 6700 visitors had already visited the WeBrain website
(https://webrain.uestc.edu.cn/) a total of 19,000 times, and approximately 230 users from 45 institutes in 25 cities around the world
have registered with WeBrain. In addition, materials including the
manuals, example data and collected links of open datasets are also
provided on the WeBrain website.
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Fig. 5. “My Project” module. It lists all computing tasks from user operations. Users can easily create a new computing task by clicking the “+new task” button,
providing the task name and description, selecting a tool, providing parameters, selecting data ﬁles and then clicking the “execute” button to run the task.

Fig. 6. “My File” module. It lists all data ﬁles (blue) uploaded by users or result ﬁles (green) calculated in the WeBrain platform. Users can ﬁlter, manage, delete
and download data ﬁles through the web interface (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this
article.).

4. Discussion and conclusion

maximize their impact, and (3) to increase the computational reliability
and reproducibility by using same methods with same codes running on
the same environment.
In this paper, we introduced our endeavors to address each of the
above goals by reporting the scheme, features and demo usage of
the WeBrain platform. First, with challenges in groups of cloud storage/computing and core service systems, the WeBrain system was introduced to form an eﬃcient and speciﬁc brainformatics platform for stateof-the-art end-to-end cloud solution for EEG big data analysis. All phys-

With a trend of the ‘cloud neuroscience’ (Neuro Cloud Consortium, 2016), the WeBrain platform was developed for large-scale EEG
applications in the EEG community. The key goals of the WeBrain platform are the following: (1) to provide an end-to-end cloud solution for
EEG big data analytics with common tools and pipelines, (2) to construct a sustainable and wide computational ecosystem of brainformatics to bring researchers with diﬀerent ﬁelds and experiences together to
8
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Fig. 7. “My Statistic” module. It shows the records of the usage of the current user during a period of time. Basic information including the number of computing
tasks, number of uploaded ﬁles and ﬁle sizes is displayed.

Fig. 8. Preprocessing result of example EEG raw data from a subject using the WeBrain platform. The upper ﬁgure shows the EEG waves of raw data with the original
recording reference. The bottom ﬁgure shows the EEG waves of clean data with the REST reference. The raw data were preprocessed by the WeBrain platform using
the “WB_EEG_prepro” EEG preprocessing tool.
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Fig. 9. Example results of WeBrain for calculating the relative power indices. The mean relative power indices across subjects in diﬀerent frequency bands calculated
by WeBrain and local personal computers 1 and 2 (rows 1–3) are shown in the ﬁrst 3 rows, respectively. The last row shows the ICC values of the relative power
indices across WeBrain and local personal computer runs.

Fig. 10. Results of saturating test on WeBrain. The gray region represents the possible CPU loads under a number of running tasks/jobs. Point A represents 90% CPU
load with 250 tasks (maximal 2 CPUs), point B represents ∼63.6% CPU load with 3500 tasks (minimal 0.1 CPUs), and point C is theoretical maximum value (90%
CPU load with 5000 tasks). The black dotted line represents the system loads correspond to running a number of tasks/jobs (250, 500, 1000, 1500, 2000, 2500, 3000
and 3500 tasks/jobs) using an EEG tool (EEG preprocessing with default parameter settings).

ical computing nodes (e.g., computing servers and HPCs), as well as the
common tools and pipelines, were virtualized and run on the Docker Engine (Felter et al., 2015; Merkel, 2014). Then, using Kubernetes (Netto
et al., 2017) container orchestration mechanisms, the COMBS subsystem was developed and implemented to enable distributed computing
on cloud infrastructures. Meanwhile, the WeBrain system was developed by using a microservice architecture, which is a new trend to
develop service systems with the beneﬁts of small size, high ﬂexibility, maintainability and scalability (Dragoni et al., 2017; Fowler and
Lewis, 2014). It is noted that although the current focus of WeBrain is
primarily on EEG (as well as EEG-fMRI) analyses, it is could be a more
generic platform that can accept data and analysis tools from any discipline. Second, considering the usage scenarios for workers/researchers
with diﬀerent amounts of experience, we categorized the current WeBrain computational ecosystem into the 3 roles of administrators and IT
engineers, tool developers and users (neuroscience researchers). These
roles could work independently to some extent and associated with WeBrain. Then, the system can further help to form a wider virtual community of brainformatics across researchers with diﬀerent experiences

and ﬁelds. In the results, we also described the interfaces and primary
usage of WeBrain for registered users. For users, it is noted that the data
upload and download times may vary depending on the bandwidth and
then-existing traﬃc load of each link in the user connection to WeBrain.
Third, we tested the reproducibility of the computations performed via
the WeBrain platform on the example EEG dataset. The results show
that the EEG relative power indices in diﬀerent frequency bands during
eye-closed resting-state are well replicated and consistent with previous studies (Chen et al., 2008; Yao et al., 2005, 2019). Furthermore,
the ICC results show that all EEG relative power indices are identical
across the WeBrain platform and local personal computer runs. Because
of using Docker container technique to reproduce the runtime environment of neuroimaging tools, the WeBrain framework with neuroimaging
pipelines may promote the desired reproducibility for large-scale EEG
analysis.
More eﬀorts with the WeBrain platform will be made in the future.
First, our current computational resources are limited, and the number
of computing nodes will be gradually expanded by adding new computers and HPCs locally in the future. Meanwhile, considering poten10
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tial users who may be bound by privacy regulations about transferring
datasets, more computing sites are welcome to be added in the WeBrain
computational ecosystem in the future. And these users could be registered to a computing site which is legally allowed to store and compute
certain datasets. Noting that, given the scalability and modularity of
the WeBrain system, the computational resources could be ﬂexibly expanded and reduced according to the actual demand by using external
cloud-based nodes. Second, priorities for the platform upgrades include
the further development of new functionalities and modules, including
visualization and knowledge sharing and the reﬁnement of the web API,
to interconnect with the companion platform of CBRAIN (Sherif et al.,
2014). Third, more common and speciﬁc tools/methods on EEG, as well
as other modality data, are encouraged to be integrated in the WeBrain
system. And, as an extension to the Brain Imaging Data Structure (BIDS)
speciﬁcation for EEG, the EEG-BIDS (Pernet et al., 2019) is supported
in WeBrain, and the BIDS-apps are also planned to be integrated in WeBrain in the future. Furthermore, a general solution for EEG big data
analysis combined with deep learning techniques using GPU based parallel computing engines to develop new processing tools for large-scale
EEG applications is planned. Fourth, to further improve the platform,
the full disk encryption of the data will be considered in the next version of the WeBrain system. At last, currently, WeBrain is free for all
users (we limit the storage space to 100GB per user), and any users are
encouraged to report suggestions, problems and bugs about WeBrain via
email to the WeBrain team (Lidong@uestc.edu.cn).
In a conclusion, we have presented a state-of-the-art web-based
brainformatics platform as a computational ecosystem, named WeBrain,
that enables end-to-end large-scale EEG data analysis on the cloud. We
hope that the online nature of the WeBrain platform will facilitate the
access of all users with diﬀerent experiences and ﬁelds to WeBrain and
will make their tools or EEG data analysis simpler and more eﬃcient,
especially for large-scale EEG applications.
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