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The life cycle of scientific data



The FAIR formalism

Findable
The first step in (re)using data is to find them. Metadata and data should be easy to find for both humans and computers. Machine-
readable metadata are essential for automatic discovery of datasets and services, so this is an essential component of the FAIRification
process. 

Accessible
Once the user finds the required data, they need to know how they can be accessed, possibly including authentication and 
authorisation. 

Interoperable
The data usually need to be integrated with other data. In addition, the data need to interoperate with applications or workflows for 
analysis, storage, and processing. 

Reusable
The ultimate goal of FAIR is to optimise the reuse of data. To achieve this, metadata and data should be well-described so that they can 
be replicated and/or combined in different settings. 

The principles refer to three types of entities: data (or any digital object), metadata (information about that digital object), and 
infrastructure. For instance, principle F4 defines that both metadata and data are registered or indexed in a searchable resource (the 
infrastructure component).

https://en.wikipedia.org/wiki/Metadata
https://en.wikipedia.org/wiki/Machine-readable_data
https://en.wikipedia.org/wiki/Data_discovery
https://en.wikipedia.org/wiki/Authentication
https://en.wikipedia.org/wiki/Authorization
https://en.wikipedia.org/wiki/Data_analysis
https://en.wikipedia.org/wiki/Data_storage
https://en.wikipedia.org/wiki/Data_processing
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« On a portable hard drive. My PhD student has got it. I’ll email him»

Non secure and unreliable storage. No backup. 

Major risk: Complete data loss
Other risks: loss of associated data and 
impossibility to reprocess. 

« On a workstation in the experimental room. From time to time I make a copy of the hard 
drive. »

Non secure storage. Random backup.

Risk: data loss
Other risks: loss of associated data and 
impossibility to reprocess. 

« On a (professional level) storage server »

Secure storage, guaranteed backup
Can we find the data, can we proceed to new 
analyses ?
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motivations

To eliminate all possibility of data loss

To offer an easy and reliable access to all data using
specifric queries

To facilitate data sharing between researchers, and/or 
journals requiring an access to experimental data

To propose a Data Management Plan to researchers

To promote and facilitate reproducible and open 
science

To ease or automate data processing

To facilitate scientific projects using heterogeneous
multi-modal data, or to facilitate machine learning

Reduce costs
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Storage

Must guarantee security and 
regular data backup

All data must be stored as 
automatically as possible on 

storage servers

No loss

Indexing

Ensures that the data is traceable, 
and possibly accessible according to 
specific queries based on descriptive 

metadata 

This indexation is usually performed 
via a database engine.

Access

Structuring

Standardised nomenclature defining 
storage and organization of data 

and associated metadata. 

Ensures that data can be exchanged 
and analysed autonomously 

Sharing, reproducing, reusing

Automatic processing



Structuring data : the BIDS standard

Standard data structure for MRI data
Open & community based project
Growing ecosystem: Validation, Database integration, BIDS Apps
Extensions for related modalities

MEG 
EEG
IEEG
PET
Physiological data (respiration, cardiac activity, ...)
Behavioural data
Microscopy
NIRS
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• BIDS is: 
• organizing data in a folder
• naming files
• documenting metadata
• facilitating re-use by your future self and others

• BIDS defines a data structure: • BIDS defines a file name nomenclature :



BIDS and metadata
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The BIDS ecosystem

BIDS is accompanied by a large excosystem of tools and resources:

BIDS validator to automatically check if a datasets follows the specifications. 

OpenNeuro: an international database that can host BIDS formatted datasets.

Converters to convert all sorts of data to the BIDS structure.

BIDS apps



Full BIDSification at INT

Some data types are easily transformed into BIDs and specifications have already been
defined, for instance MRI, MEG, EEG, …

But: some data have no defined BIDS structure. We must define it ourselves

INT has started a project for handling all data in a BIDS format.

We started to define new BIDS format for :
• Animal electrophysiology: mono or multi-electrodes recordings in various experimental

conditions and setups. 
• Eye-tracking

These two proposals have been accepted as official BIDS extension proposals (BEP020 and 
BEP032) 



An easy case: Magnetic Resonance
Imaging

The neuroimaging community was ahead in terms of open-science, reproducibility, and 
proper data management. 

BIDS came from that community and MRI was the first data type to be handled. 

Specific databasing tools are also available (Xnat)

BIDS Apps

Export (BIDS)

Database server



Animal ePhys

2 challenges for animal electrophysiology:
• data structuration
• Metadata standardization

Specificities: 
• A wide variety of experimental setups (hardware and experimental conditions), so we

cannot stream directly from acquisition to storage.
• Metadata are not acquired automatically. 
• Diversity of meta data: what metadata to track and how to standardize them into the 

BIDS structure ?

We developed
• A specific BIDS format (BIDS extension proposal 032)
• A stazndardized metadata collection process.
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Animal ePhys – metadata collection
Requirements:
• User friendly interface
• Minimal overhead (resources, learning time)
• Usageof common terminologies
• Standardization across projects

Use of existing resources at INT:
• Browser-based tool for (meta)data capture via surveys
• Python API: PyCap (https://pycap.readthedocs.io)
• Registration / Export of collected data
• Text based (csv, json) representation of surveys and collected data

Survey definition using
DigLabTools

https://github.com/INT-NIT/DigLabTools

https://github.com/INT-NIT/DigLabTools


Animal ePhys – BIDS

BIDS Extension Proposal 032
http://bids.neuroimaging.io/bep032

Content: 
• Open file format (nix/nwb)
• Probe and wiring description
• Metadata

http://bids.neuroimaging.io/bep032
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Thank you ! 

Sylvain Takerkart

Julia Sprenger

Dipankar bachar

David Meunier

INT

ANR ShareElec
Sonja Grün

Junji Ito

Michael Denker

Institute of Neuroscience and Medecine
Jülic, germany

Frédéric Barthélémy


