MJSAT 3 (3) 141-149

Malaysian Journal of Science
and
Advanced Technology

MJSAT

TECHNOLOGY..cc s

journal homepage: https://mjsat.com.my/

Neuroscience Data Formats, Models, Repositories and Analytics: A Review

Sze Wei Fong?, Nurfaten Hamzah'2, Nurul Hashimah Ahamed Hassain Malim?#*, Jafri Malin Abdullah®23

1Department of Neurosciences, School of Medical Sciences, Universiti Sains Malaysia Health Campus, 16150 Kubang Kerian,
Kelantan

2Brain and Behaviour Cluster, School of Medical Sciences, Health Campus, Universiti Sains Malaysia, Kubang Kerian, Kelantan,
Malaysia

3Department of Neurosciences & Brain Behaviour Cluster, Hospital Universiti Sains Malaysia, Health Campus, Universiti Sains
Malaysia, Kubang Kerian, Kelantan, Malaysia

4School of Computer Sciences, Universiti Sains Malaysia, 11800 Gelugor, Pulau Pinang, Malaysia.

KEYWORDS ABSTRACT

Neuroscience As neurotechnologies have gotten better, a lot of neuroscientific research has been done

Ba:a ][nodelt using these new technologies. Even though labs all over the world produce a lot of neuro-
ata forma

data, most of this data has not been shared to help people from different fields understand
neuroscience. The neuro-data sharing is essential because it accelerates the pace of
discovery in neuroscience. Effective data sharing will depend on the standardized use of
file or data formats, highly reusable data analytics tools, and data storage formats. In this
review paper, we review the four domains (data format, data model, data repository, and
data analytics) that are currently in use in the neuroscience community. In the end, we are
discussing several challenges associated with data sharing.
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disciplines. As such, data sharing has increasingly become an

1. INTRODUCTION ; g )
important concern for the neuroscience community.

With the passing of time, it’s impossible to deny that
technology has changed every part of human life. Every

¢ ] Data sharing initiatives have a positive impact on the
industry’s early leaders have been focused on using these new

acceleration of scientific discovery [1 - 3]. It hastens scientific

technologies to boost their own fields. In the field of
neuroscience, which works well with information technology,
this is by no means an exception. Many powerful and complex
neuromodalities have been developed or are in the process of
being developed to aid in the understanding of living
creatures. Neuroscience is known to be a complex research
field as it does not focus solely on one single perspective but
involves an integrated analysis of information from multiple
disciplines such as structural, functional, behavioral,
cognitive, genomic, proteomic, and/or other related sub-
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progress by assembling massive data sets from several
sources. Sharing data also enables validation and verification
of scientific findings, which supports open science and
strengthens public confidence in scientific research [3]. Data
sharing also allows for larger sample sizes and replication of
results and analysis, resulting in many benefits for
neuroimaging research [4]. Furthermore, data sharing can
increase the chances of conducting research in developing
countries at lower costs by reusing datasets [5] and can help
researchers conduct test-retest studies when more
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neuroimaging public databases are available, thus improving
the reproducibility of study findings [6].

The availability of shared neuroimaging data that is
FAIR-compliant, such as magnetic resonance imaging (MRI),
electroencephalography  (EEG), magnetoencephalography
(MEG), and positron emission tomography (PET), has
significantly improved during the past ten years [2, 7]. Even
though sharing data is important, it is hard for the
neuroscience community to meet this highly requested need.
This is because neuroscience research involves a lot of
complicated experiments with a lot of different types of data
from many different modalities [8]. These various data types
are frequently highly specialized for specific domains and are
technologically and scientifically designed to match specific
neuromodalities and data types. As mentioned by Riibel et al.
[9], neuroscientists are often required to work with dozens of
different formats even in a single experiment, one for every
single recording modality and/or analysis. Standards for such a
great quantity of data are not described profoundly, and, in
many instances, these data are only accessible through certain
proprietary software programmes. Thus, the efficiency of data
sharing and analysis might be hindered, and, in the worst-case
scenario, it might lead to data inaccuracy and
misinterpretation.

In this review paper, we review various types of
neuroscience data formats, models, repositories, and analytics.
The need for the standardization of neuroscience data formats
and models, standardizing data storage formats, and
developing highly reusable data analytics tools will be critical
prerequisites for effective data sharing. In Malaysia, there is
currently no neuroscience data repository or data sharing. This
review will also be a great help for Malaysian researchers to
come up with a neuroscience data repository and data sharing.

2. NEUROSCIENCE DATA FORMAT

The best format for neuroscience data is one that is
“simple, efficient, flexible, and contains full information about
the stimulation and simulator from which the data came” [10].
A shared, open, and standardized file format that is adaptable
enough to represent various types of data along with metadata
may boost both the development of community-based tools
and data sharing between various labs [11]. Still, making or
standardizing a consensus data format for sharing data is a
very hard and tough task [12]. For this kind of standardization
to happen, there are a lot of complicated requirements that go
beyond the simple and common requirements of data formats
that are specific to a mode, like video or image formats. This
standard data format needs to have the competency to support
researchers in managing and organizing complex data
collections acquired from different types of modalities and
stimulators (e.g., eye and/or motion tracking, neurological
imaging recordings, etc.) [9].

2.1 Data Format Standardization

The growing understanding of how crucial it is to share
data has made it possible for various data or file formats (see
Table 1).

Table 1. Summary of the neuroscience data format

Types of data Data format

Poly-graphic recording Extensible Biosignal (EBS)

data European Data Format ‘Plus’
(EDF+)

General Data Format (GDF)

Cellular-related Kwik
electrophysiological Svoboda Lab File Format
recording data Orca

Electroencephalography
(EEG) data

Multiscale Electrophysiology File
Format (MEF)

Electrocortigraphy
(ECoG) data

Lawrence Berkeley National
Laboratory (LBNL BRAINformat)

Simulation experiment Neuroscience Simulation Data
data Format (NSDF)

Neurodata without Borders:
Neurophysiology (NWB:N)

Neurophysiology data

Kemp et al. [13] were one of the first groups to try to
make a simple but standard format for polygraphic recording
data. This format was later used in seven laboratories to share
sleep-wake recording data. Since then, several studies have
started to come up with different standard data formats that
will make it easier to share neuro-data. For instance, the EBS
file format [14], the EDF+ [15], as well as the GDF [16], have
succeeded the aforementioned format in the field of
electroencephalograms and other related biomedical signals.

In the last 10 years, some of the most important neuro-
data formats have been created to create standard data formats
and make it easier for large-scale neuroscience data to be
shared between user groups. They adopted different
characteristics and have unique advantages over one another,
even for similar data categories. For instance, data formats
such as Kwik [17], Svoboda Lab File Format [18], and Orca
[19] were created for cellular-related electrophysiological
recording data.

Kwik is useful for sorting and fine-tuning spike-recording
signals collected from electrophysiological modalities. It is
especially optimized for automatically sorting multi- or high-
channel electrophysiology signals. It adapted a modular design
and a user-friendly approach that gave rise to its extensibility
and made it relatively flexible [17, 19]. The Svoboda file
format has features of extensibility and flexibility as well. One
difference is that the Svoboda format makes use of the
“session object” approach, in which the processed data and
experimental metadata descriptions are computed in hash table
format. The hash table was preferred because searching was
greatly facilitated, and the code was simplified to promote an
easier understanding of the data collections in the key-value
pairs [8-19]. Orca, on the other hand, is a data format
designed by the Allen Institute for internal data sharing
between the labs in the institute. Utilizing an object-oriented
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design, this format promotes high levels of modularity and
extensibility, as well as backward compatibility [19].

Other data formats have also been designed to account for
different types of data to match different user groups or user
preferences. The MEF [20] is mostly used for large-scale
electroencephalography data. It has features like data
compression, data encryption to keep private information safe,
and data redundancy to make sure the data is correct. The
“manage object” idea was used to make the LBNL BRAIN
format [21] for ECoG signals. It has a semantic component
that makes it easy for users to manage the data in a way that
makes sense and is interactive for the applications. It was
developed using a modular approach and was optimized for
data reuse. Besides, the NSDF [10] is another type of data
format that was developed for a broad range of neuronal
stimulation outcomes, ranging from models such as multiscale
electrical and/or chemical signals, single-neuron recording
data, and abstract neural networks. This format excels in that it
is simulator-independent, allowing various kinds of stand-
alone tools to manage, analyze, and visualize data stored in
NSDF format [10].

Even though there are a lot of different data formats, there
is still no one format that is the most widely used and accepted
standard in the neuroscience community. This is because the
most popular data formats, like Kwik, Orca, LBNL
BRAINformat, and some of the other formats listed above, are
mostly used by certain subgroups of the neuroscience
community and domain. Hence, they might not be generic
enough to support the wide range of neuroscience research
data. Svoboda Data Format is not very user-friendly and is
hard for beginners to learn because it is designed to hold a lot
of information in a small space [19]. Similarly, the NSDF
format was limited in terms of its structure for spatial-related
data, which it does not support well but is becoming
increasingly important in neuroscience research with various
neuroimaging modalities [10].

NWB:N [22], one of the newest and ongoing data
formats, was started as part of the Neurodata Without
Boarders project to try to fix some of the problems with the
other data formats. The NWB:N format is a successor to the
previous "Orca" data format, and some of its structure is
inspired by formats such as Kwik, Svoboda, and LBNL
BRAINformat. NWB:N is designed for a broad range of
neurophysiological data, such as neuronal activities (i.e., intra-
and extracellular electrophysiology, two-photon imaging, etc.)
and cell-based neurophysiological data. It adopted and
supported a modular design and facilitated data plotting and
comprehension [22], like LBNL BRAINformat did, but it
excels in terms of wider data type coverage and providing a
source of information that the former did not.

Nevertheless, NWB:N has room for improvement to
overcome its shortcomings. One of the very important aspects
that is lacking in the NWB:N format is file or data validation
[22]. 1t is highly valuable to take data and file validation into
account while designing the standard data format. As the
collected data are the core resources for further analysis and
interpretation, a validation process that covers different types
of validation is highly desirable. Such a need for a validation
tool should not only be considered by the NWB team but also
be improved by other existing file formats, as well as be
highly considered by future initiatives while designing new
standard file formats.

NWB files organize data in a specific LN ) HOF View 2.11
way, with different types of data Fle YWindow Joos Hep
going inlo different parts of the file: N P Qo

Acquired experimental data and
graphical documentation

example rwb w | Cloar Toxt

Epochs subdivide an experiment
into logical intervals and provide
windows into data occurring
during the interval

HDFView Data
panel shows
the content of
data objects

Experiment metadata, including
originating lab, experiment
hardware and methods

Intermediate processing of data
such as spike sorting

Stimuli that were presented during
an experiment

HDFView Info panel shows metadata
and attribute information

HDFview is a free application for browsing
HODFS files. Available from
www.hdfgroup org/productsjavahdiview/

Fig. 1. Layout of NWB File in HDFview [22]
2.2 Application-Programming Interface: Data Conversion

Log info | Metacata

Apart from designing and developing standard file
formats, an alternative approach to facilitate neuro-data
sharing is via data conversion by defining and involving an
application programming interface (API). The German-Note
(G-Note) common interface called Neuroshare API [23] is one
early attempt to access various neurophysiological data files
and formats. It is set up as a library that lets
neurophysiological applications, such as data visualization
programs, spike sorting application programs, and other
neuroscience analysis software, directly access and extract
data in multiple vendor formats using specific proprietary
libraries. Nevertheless, the Neuroshare APl suffers from
several shortfalls. First of all, it is highly platform-specific,
meaning it can only be accessed via the Windows operating
system and is heavily based on vendor-specific formats. It
does provide descriptions of how data is retrieved, but it does
not promote standardization of data storage methods.
Furthermore, the proprietary-specific libraries were closed-
source, which meant that they required the purchase of
corresponding manufacturers' or commercial hardware and/or
software before they could be used [23].

Later, a well-known APl called Neuroscience
Electrophysiology Objects (NEO) succeeded the Neuroshare
API. NEO [23] is an object-oriented API intended to promote
software interoperability for neurophysiological datasets. It is
a cross-platform open-source package with a Python
implementation that handles data conversion for most of the
electrophysiology-related  proprietary ~ formats. Data
representation was conceptually separated from data analysis
and visualization. The core function of this API is deliberately
focused on data representation to promote a lightweight
interface, while software was constructed upon NEO for
analyzing and visualizing neurophysiology data. NEO is a
relatively powerful tool for data conversion, but there is still
room for improvement. As NEO is a Python-only API
implementation, expanding its implementation to other
languages apart from Python could be one of its more
improveable aspects.
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3. DATA MODEL

3.1 Data Model Representation

Brain Imaging Data Structure (BIDS) [12], the first
International Neuroinformatics Coordinating Facility (INCF)
endorsed standard, is a data model or structure for organizing
and managing neuroimaging data. BIDS uses simple language,
but it also has a clear structure for organizing and managing
data. It adopted a rather simple folder structure to organize
neuroimaging data. Initially, it was developed as a standard to
organize raw magnetic resonance imaging (MRI) data [12]. It
has then extended its coverage to include additional data types
such as magnetoencephalography (MEG) and EEG [24, 25,
26]. With a consistent hierarchical directory and naming
system, filenames in BIDS are formed by starting with a key-
value sequence and terminating with a related file type, in
which the key, key values, and file type are chosen and
predetermined by the users [12]. Such a simple system for
organizing files and data could allow the user to locate and
manage the data and files effortlessly.

The most recent standard that INCF has endorsed for the
year 2020 is the Neuroscience Information Exchange (NIX)
data model [27]. It is also a relatively simple and generic data
model for neuroscience data storage. It allows the user to
deposit a fully annotated neuroscience dataset by storing the
neurodata along with its metadata in an identical container. It
has high flexibility in the way it can manage various types of
data.

3.2 Metadata model: Open Metadata Markup Language
(odML)

In neuroscience studies, a lot of data, both processed and
not processed, was made and changed. Not only do these data
include the main data, like recordings and signals from the
neuromodalities, but they also include datasets that describe
the experimental conditions. These datasets are called
metadata [28]. Metadata is information about the parameters
of an experiment, how it was recoded, and other procedures
and information about the experiment [29]. In a simplistic way
of saying it, metadata is the data of data. The importance of
these metadata should not be neglected because replication
and reconstruction of research procedures and experimental
analysis are highly dependent on these details. Despite their
importance, these metadata are usually not organized in an
orderly manner and are often lost during the experiment,
which has become an open issue revolving around the
neuroscience community. As such, implementing a unified or
standard data model for managing and handling these
metadata in an understandable and concise manner has been
highly recommended.

Open Metadata Markup Language (odML) is a software
framework that may be used to handle metadata for
neuroscientific research [30, 31]. odML is a standard for
storing metadata in a structured, machine- and human-
readable manner. It offers a common schema (with
implementations in XML, JSON, and YAML) to integrate
metadata from diverse sources without restricting the content
of the metadata. In addition, by offering metadata
terminologies, odML promotes and supports standardization.
As a metadata model, odML [28] can be thought of as a
flexible structure that makes it easy to automatically collect
and exchange metadata in a way that is complete, well-
organized, and easy for machines to understand. With this, it

allows for the uniform organization of metadata coming from
many sources and the recording of that data in a standard,
interoperable format. Because metadata can be organized and
made available to all members of a scientific project in a
consistent manner, providing it in such a standardized format
along with an experiment’s data files makes it easier for
members of the project to collaborate [31, 32 It also supports
the accuracy and consistency of data analysis through
standardized and formalized access to the available metadata.
It sets up the metadata in the form of key-value pairs based on
a tree-like structure. Still, the developers have thought about
the fact that tree-like structures can sometimes lead to
organizations that are redundant and hard to understand.
Because of this, they have added and combined things that
aren't part of the tree-like structure. These elements were used
to set up relationships. For instance, users could set up
relationships for stimuli that happened more than once by
defining the stimulus and then linking it to all the related
datasets [28].

Additionally, as this model suggested, the format and
content were clearly distinct, with the format itself not
defining the keys or values. This made the model more
flexible because it made it possible to store all available
metadata right away without having to send new keys to the
ontology [28]. odML has set up a number of standard odML
terminologies. These terminologies were not made to force
standards on the ontologies but to give users a choice. One
could always go against the given terminology if it doesn't fit
their personal tastes or goes against the standard terminology
in their communities or labs. Even though consistency would
be at risk with this approach, users would have to do most of
the work to figure out if it was valid [28].

3.3 Neuronal Model: Neural

(NeuroML)

The  complexity of neuronal functions has
correspondingly induced complexity in describing, explaining,
and managing the relevant neuronal models in neuroscience
studies. As such, it is much needed to develop methodologies
or implementations to promote collaboration among
neuroscientists in the modelling process. In this sense,
software applications that support and facilitate the discussion
and exchange of these models are high on the list of
necessities. The implementation of mark-up language is an
approach for better describing the neuronal system models,
connecting or linking databases of models, and formatting the
neuronal data models in a form that is more compatible with
the simulation software programme or applications [33].

NeuroML [33, 34, 35] is a model language for
neuroscientific concepts that is based on Extensible Markup
Language (XML). Using the standard description language,
XML, has made it easier to work with other systems, made
neuronal data models easier to access, and made it easier to
reuse neuronal models. NeuroML defines, describes, stores,
and exchanges detailed neuronal models in a standalone
format. This model language is stimulator-independent,
meaning that neuronal data models stored in NeuroML format
can, in turn, be used and handled across multiple different
simulators or applications. For example, a neurological
channel model that was implemented in NeuroML, without
regard to the original simulator used, can be converted to
various kinds of formats for later inspection and analysis [34].

Open Markup Language
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Table 2 shows the summary of the neuroscience data model.

Table 2. Summary of the neuroscience data model

Neuroscience data model

The INCF has approved the use of the
common data model known as BIDS to
organize and manage MRI data. Later, it was
extended to include MEG and EEG data. To
provide the community with an easy-to-use
system for organizing neuroimaging data,
BIDS was created.

BIDS

NIX NIX specifies a data model for annotated
scientific datasets, or data combined with
metadata, as well as a related file format based
on HDF5 for storing and sharing such
datasets. This format was created specifically
for the metadata-assisted storage of
electrophysiology and other neuroscience
data.

odML odML is a format for storing metadata in an
organized human- and machine-readable way
and a software approach to managing

neuroscientific metadata.

NeuroML NeuroML is a model language for concepts
from the field of neuroscience that is based on
XML. With the help of the standard
description language, XML, it is now simpler
to collaborate with other systems, access
neuronal data models, and reuse neuronal
models. The detailed neural models are
defined, described, stored, and shared using

NeuroML in a stand-alone format.

4. DATA REPOSITORY

The availability and accessibility of data repositories in
neuroscience communities is also one of the very important
factors that influences and facilitates data sharing behaviour
among neuroscientists. Table 3 presents a summary of the
available data repository for neuroscience data.

Table 3. Summary of the neuroscience data repository

Neuro-data
repositories

Descriptions

NeuroMorpho.Org It provides neuronal reconstruction data

and associated metadata.

NeuroVault It is a place where researchers can
publicly store and share unrestricted
statistical maps, parcellations, and
atlases produced by MRI and PET

studies.

NITRC-IR It is a platform for depositing and
sharing MRI data in DICOM and NIfTI

formats.

OpenNeuro It is an open platform for validating and
sharing BIDS-compliant MRI, PET,

MEG, EEG, iEEG, and ECoG data.

NeuroMorpho.Org [36, 37, 38], which was started in
2006, is one of the largest web-accessible repositories for
publicly shared digitally reconstructed neuromorphological
descriptions. This implies that other neuroscientists can
digitally ~ reconstruct and use  previously  stored
neuromorphology. Due to the fact that neuronal
reconstructions are different in terms of the field of the
original  research  studies (e.g., electrophysiological,
physiological, or anatomical) and the data-related
specifications (e.g., data format, file size, and resolution of the
recoding), NeuroMorpho.Org has tried to come up with a
design that can accommodate all of these aspects of neural
morphology studies. This repository associates three types of
data [36]. First, metadata related to the reconstruction, such as
the data source, research subjects’ data, and experimental
methodology, were extracted. Second is the data file itself,
both the raw and standardized versions. The third type of data
is the information related to the twenty-one morphometric
calculations, which were used to calculate the shape variation
of each neuromorphology reconstruction. NeuroMorpho.Org
has served as a repository that stores over 120,000 digital
neuron reconstructions of neuronal and glial morphology data
[39].

NeuroVault [40, 41] is another place where researchers
can store and share statistical brain maps, neuroimaging
images, and metadata. Since it's a web-based platform, users
don't have to install any additional software to use it. Also,
one benefit of this repository is that it creates a permanent link
for the data or images that are uploaded. This makes it easy for
researchers to share the stored data by accessing the link. One
thing to keep in mind is that neither the developer nor the
NeuroVault platform supported the meta-analysis method
[40]. This is neither good nor bad and pretty much depends on
user preferences because some users might wish to have the
meta-analysis processes done within the same platform, while
others might opt for other well-suited or prevalent analysis
software.

Neuroimaging Informatics Tools and Resources The
Clearinghouse Image Repository (NITRC-IR) [42] is another
available neuroscience repository. It serves as an image
database platform for depositing and sharing MRI data
collected in different states, such as resting, diffusion, and
structural states. It is based on the eXtensible Neuroimaging
Archive Toolkit (XNAT), which is a software platform that
was developed for managing neuroimaging data. One
limitation of NITRC-IR is that it does not host neuroimaging
data from other domains except MRI, although XNAT is
capable and supportive of doing so [42].

OpenNeuro [43, 2], launched in 2018, is also a free data
repository available to the neuroscience community.
OpenNeuro is the successor to OpenfMRI [44], which was
launched in 2011 and is primarily designed for task-based
functional neuroimaging data. It stores raw and processed
whole-brain functional magnetic resonance imaging (fMRI)
datasets as well as related metadata. Succeeded by
OpenNeuro, it is now based on the BIDS, allowing the
researchers to store and share various kinds of neuroimaging
data collected from different neuromodalities such as MRI,
PET, MEG, EEG, intracranial electroencephalography (iEEG),
and EcoG [42, 2]. Its wide coverage for depositing different
neuroimaging data appears to be a good complement to other
repositories mentioned, such as NITRC-IR.
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As an idea for the future, linking these databases is one
way to make it easier to share data. The abovementioned
repositories serve their purposes by providing a platform for
the community to store and manage neuroscience data.
However, these databases are sometimes exclusive to certain
data types; for example, NeurorMorpho.Org only caters to
neuromorphological data, and NITRC-IR only serves MRI
data types. If it's possible, it would be a good idea to connect
these repositories or give users an easy way to quickly access
different databases in the future. This would give users a
single place to access all the different kinds of data stored in
these repositories.

5. DATA ANALYTIC

In the domain of neuroimaging, there are three prominent
software packages that are often used for data analysis:
Statistical Parametric Mapping (SPM), FMRIB Software
Library (FSL), and Analysis of Functional Neurolmages
(AFNI).

SPM  (www.fil.ion.ucl.ac.uk/spm) is a free statistical
analysis software written in MATLAB that is used to analyze
and identify specific regional effects and brain activities from
different neuroimaging recordings, such as fMRI, EEG, MEG,
single-photon emission computed tomography (SPECT), and
positron emission tomography (PET) [45, 46]. It is especially
prevalent to examine functional neuroanatomy and relative
brain activity changes. It used a voxel-based approach to infer
the brain's specific region of interest in response to the
experimental stimulus and factors, and then mapped the
recorded activities to specific brain structures and anatomical
space [47].

FSL (www.fmrib.ox.ac.uk/fsl/), written in C, is a
relatively comprehensive software for processing and
analyzing different MRI-related brain imaging data, including
structural or anatomical MRI images, functional MRI
recordings, and diffusion-weighted MRI images. FSL is
capable of combining and integrating various types of data
into a single, consolidated analysis because it created and
implemented the Bayesian framework [48].

Similarly, AFNI (http://afni.nimh.nih.gov/afni/), written
in C++, is a well-known and freely available software tool for
analysing structural and functional MRI image data. Like
SPM, it is capable of normalizing the images according to
Talairach coordination and mapping the neuronal activation
onto the anatomical images, as well as performing default pre-
processing such as realignment based on voxel time series,
normalization of structural volume, and smoothing the volume
for further statistical inferences [49].

There is also other software for analysis that was made for
the general purpose of processing and analysing data in
neuroscience studies. Functional Imaging Analysis Software,
Computational Olio (FIASCO) is another general-purpose tool
that provides pre-processing functions such as detrending and
motion correction, fits linear models to the data, and displays
or visualizes images. It provides greater flexibility to the users
by allowing them to customize their analyses by writing their
own procedures [49]. BrainVoyager QX is another powerful
and complete software package for processing and analysing
neuroimaging data. It was written in C++. It started out as a
tool for analysing anatomical and functional MRI

neuroimaging data, but it has since become a multi-model
analysis software package that can handle a wide range of
neuro-data from different modalities, such as diffusion tensor
imaging (DTI), EEG, MEG, and transcranial magnetic
simulation (TMS) [50].

Aside from the above-mentioned software packages,
which cover a wide range of data analytics tasks, there are
other software packages that do more specific processing and
analysis tasks. BrainVisa [51] is a software programme
developed for image processing. It allows users to perform
sequences of actions with command lines using a simple
control panel. Various tools or toolboxes have been embedded
in BrainVisa to provide additional processing features for
visualizing and analyzing multi-modal neurodata collected
from different neuromodalities. Other processing modules as
well as data formats can be easily added to the BrainVisa
platform, allowing users to efficiently manage their data [51].
VoxBo [49], a programme designed for MRI data analysis, has
embedded functions for standard preprocessing such as
normalization, smoothing, and motion correction. The analysis
approach of this software is based on a univariate general
linear model, disregarding other types of analyses, which may
be one of its drawbacks compared to other software.

SPM, FSL, and AFNI, on the other hand, have good
graphical user interfaces (GUI). FIASCO, on the other hand,
does not have an embedded GUI and instead uses command-
line operations. Large GUIs may make programmes easier to
use, but some might say that this could make them less
flexible and make it harder for users to customise their
analysis [49]. Besides, SPM is based on MATLAB, while
FSL, AFNI, and BrainVoyager QX are examples that are
based on the C and C++ programming languages. Some have
argued that MATLAB is not strong or robust enough to meet
the complexity of neuroimaging and is not supportive enough
to match the code size of the existing neurotechnology-related
industrial level, and that C languages are not supportive
enough for rapid development [49], and thus some have
recommended the Python programming language instead.

When comparing these prominent data analysis software
programmes, it is undeniable that they all have advantages and
drawbacks over one another. Hence, it is a matter of
preferences for the user to opt for which software tool to use
to perform the data analysis, not to mention that users are not
limited to one independent tool but are free to optimize two or
more analytic tools in their studies (see Table 4). Nevertheless,
one technical issue that requires attention is the necessity to
establish a common representation across different software
packages. This is due to the fact that, while popular software
packages perform similar analysis on neuroimaging data, the
terminologies and parameters employed are sometimes
inconsistent and do not refer to the same concept [52]. As
such, these software packages do accomplish their role of
supporting the analysis process, but in terms of the intention to
promote data sharing, such inconsistency would hinder the
users’ ability to compare the analyzed data across software.
Defining or developing a unified descriptive standard would
be one of the main focuses for the developers when designing
a new package or upgrading the existing version.
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Table 4. Summary of neuro-data analytics

Software Descriptions

SPM Free statistical analysis software
Written in MATLAB
To analyze brain activities form fMRI, EEG,

MEG, SPECT and PET data

FSL It is freely available for non-commercial use
Written in C language
Process and analyse MRI, fMRI and DTI
brain imaging data

AFNI Free software

Written in C++

Analyze structural and functional MRI data
FIASCO Free software

To analyzee fMRI data

BrainVoyager Written in C++

QX To analyse MRI, fMRI, DTI, EEG, MEG and
TMS data
BrainVisa Neuroimaging software platform for mass

data analysis

Morphologist: brain segmentation and sulcal
morphometry

Processing tools and toolboxes

Interactive 3D neuroimaging data
visualization

6. DiscussioN AND CONCLUSION

Given the above discussion on data formats, data models,
data repositories, and data analytics in their respective
sections, one should acknowledge that these domains should
not be viewed in segregation but rather that they all work
interdependently to facilitate the sharing of data with the
neuroscience community. As such, international coordination
or initiatives hold a significant role with regard to the
development of these domains. One of the most visible
initiatives facilitating such development is the INCF [19].
Founded in 2005, the INCF is an international organization
with many divisions around the globe that aims to coordinate
the cooperation of interdisciplines between neuroscience and
information science. INCF is focusing on four main areas of
development: digital brain atlasing, ontologies for neural
structures, multi-scale modelling, and standards for data
sharing. It is working towards developing and reviewing
standard data formats, advancing the data management model,
digitalize neurological data and information, and creating
common ontologies for the communities.

Despite the fact that data sharing is greatly simplified in
the modern era, there are a few associated challenges to be
concerned about. The first challenge is quality control.
According to Poldrack and Gorgolewski [7], in the process of
data sharing, researchers are greatly encouraged to share
beneficial neuro-data and to re-use those data to promote
further understanding of human neurology and its functions.
However, the quality and integrity of the data collected were
not safeguarded. One could not accurately determine the
condition in which the data were obtained, nor could one
determine whether the data acquisition procedures were in fact

consistent with their publication. In this regard, optimizing the
tools or taking the initiative to perform some degree of quality
control was highly recommended to ensure the data being
shared met the minimum quality standards.

Another extremely important domain to consider during
the data sharing procedure is ethics. Privacy and
confidentiality issues have often been raised during data
sharing [53]. This is because in studies related to
neuroimaging, there is a possibility that the subjects could be
identified through reconstructing the individual’s facial
features or structural features. A “de-facing” technique is often
used to mitigate such a risk, but there is still a risk of subject
identification via other confidential information such as age
and other related demographical details [53]. With regard to
this, setting higher restrictions on highly confidential
information would be a positive way to protect subjects’
privacy throughout the course of data sharing.

In addition, due to the progressively complex nature of
data analysis, it would become increasingly complicated to
perform analysis replication without access to the original
analysis code [53]. As such, apart from sharing the neuro-data
collected from the study, sharing related analysis and
processing code utilize in the respective study is also a
necessity. Having the researcher submit the analysis code used
during the process of data analysis along with their data would
greatly benefit the neuroscience community, as it would
diminish the difficulty of reproducing the analysis from
scratch.

Along with solving the problems listed above, creating a
standard neuro-data format and model for each type of neuro-
data, and making data repositories and analysis tools better,
the neuroscience communities could share a lot of data, which
would undoubtedly help people understand neuroscience
better. Nonetheless, such progress is the result of the
combined efforts of every member of the community.
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