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https://www.youtube.com/watch?v=N2zK3sAtr-4

https://www.youtube.com/watch?v=N2zK3sAtr-4


  

Making Your Research Easier and Cheaper

The 5 P’s matter!
Prior

Planning
Prevents

Poor
Performance!

Ruth Duerr, NSIDC, 2013 ESIP Material



  

In other words

Learn form the mistakes of other...



  

Loosing scientific data

• Decline can mean 80% of data are 
unavailable after 20 years.

– Gibney and Van Noorden (2013), 
Nature



  

Poor data practice results in loss of 
information 
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(Michener et al. 1997)

Ruth Duerr, NSIDC, 2013 ESIP Material



  

• Science paradigms 
• according to Jim Gray

• empirical science
• theoretical science
• computational science
• data exploration science

Why bother with structured data management?

• Maximise public investment in 
data collection and production

• Promote scientific collaboration

• Promote interdisciplinary science

• Promote scientific transparency

• Leave a legacy



  

All scientific data online

• Many disciplines overlap and use data from other 
sciences

• Science, government agencies and companies get a 
broader data background

• Internet can unify data, software and literature

• Go from literature to computation to data back to 
literature

• Information is at your fingertips for everyone and 
everywhere

• Potentially Increased Scientific Information Velocity

• Potentially Huge increase in Science Productivity

Source: Jim Gray on eScience: 
A Transformed Scientific Method



  

The reality today



  http://blog.asuswebstorage.com/tag/digital/



  

The vision for the future



  

New science

Land Cover

Potential Uses-
• Examine patterns of migration 
• Infer impacts of climate 

change
• Measure patterns of habitat 

usage
• Measure population trends

Model 
results

eBird

Meteorology

MODIS – 
Remote 
sensing data
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Spatio-Temporal Exploratory 
Models predict the probability 
of occurrence of bird species 
across the United States at a 35 
km x 35 km grid.

By re-using data collected from 
a variety of sources – eBird 
database, land cover data, 
meteorology, and remotely 
sensed by NASA – this project 
was able to compile and 
process the data using 
supercomputering to determine 
bird migration routes for 
particular species. 



  



  

• Research sponsor require it
• recognition as an authoritative source 

and wise investment

• Quality control
• improved data quality due to expanded 

use, field checks, and feedback

• Improved visibility
• improved connections to scientific 

network, peers, and potential 
collaborators

• Journals require it

• Far upstream sponsors require it

Why share data?
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Ownership of data

• This depends on the contract 
between the funding agency and 
the institution affiliated with the 
scientist

• For RCN and H2020, ownership 
lies with the institution

• Not the individual scientist



  

Documentation of data
Various types of metadata

Øystein Godøy



  

Interoperability

• At the discovery level
• Documentation
• Exchange of documentation

• At the data level
• Documentation
• Exchange of documentation



  

Benefits of standardisation

• Makes life easier
– Promotes reuse of efforts

• Promotes a common 
understanding of content

– Improves performance
– Reduce risk
– Promotes sustainability
– Encourage innovation
– Reduce cost
– Improve quality

From HobbyProjects



  

Benefits of standardised documentation

• Why not use the “Google” 
approach?

• Science is based on a shared 
terminology

• There will never be only one proper 
way of documenting

• There will always be a need for 
brokering

• Data and metadata must be 
connected

• To find data
• To use data

• Standardised documentation and 
formatting

• enables the possibility to filter 
datasets

• enables the possibility to link datasets
• enables standardised applications to 

analyse data
• enables users to use the data

• Need to be pragmatic…
• And let computers do the boring part
• But humans need to instruct 

computers



  

Types of metadata

• Discovery metadata
• who measured, simulated or analysed what, 

where, and when as well as conditions for 
reuse and access mechanisms for the data

• to enable users to find appropriate data for the 
task

• Use metadata
• identification of the variables/parameters 

generated, units of variables/parameters, how 
missing values are encoded, definition of grid 
and map projections for gridded data, 
methodology applied in space or time to 
achieve the values in a dataset etc

• to enable users to properly understand the data 
found

• Site metadata

• Configuration metadata



  



  

DIKW chain



  

Data in context

Courtesy
Andreas Jaunsen
NorStore

• Make data “talk”
• Standardised documentation

• e.g. Climate and Forecast convention

• What is a number?
• Use metadata is required to efficiently 

reuse data
• Describe the context of observations 

using e.g. WIGOS metadata
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How to publish data

Øystein Godøy



  

The FAIR Guiding Principles for scientific data 
management and stewardship
• To be Findable:

• F1. (meta)data are assigned a globally unique and 
persistent identifier

• F2. data are described with rich metadata (defined 
by R1 below)

• F3. metadata clearly and explicitly include the 
identifier of the data it describes

• F4. (meta)data are registered or indexed in a 
searchable resource

• To be Accessible:
• A1. (meta)data are retrievable by their identifier 

using a standardized communications protocol
• A1.1 the protocol is open, free, and universally 

implementable
• A1.2 the protocol allows for an authentication and 

authorization procedure, where necessary
• A2. metadata are accessible, even when the data 

are no longer available

• To be Interoperable:
• I1. (meta)data use a formal, accessible, shared, 

and broadly applicable language for knowledge 
representation.

• I2. (meta)data use vocabularies that follow FAIR 
principles

• I3. (meta)data include qualified references to 
other (meta)data

• To be Reusable:
• R1. meta(data) are richly described with a 

plurality of accurate and relevant attributes
• R1.1. (meta)data are released with a clear and 

accessible data usage license
• R1.2. (meta)data are associated with detailed 

provenance
• R1.3. (meta)data meet domain-relevant 

community standards



  

Data Formats: Choosing and Adopting 
Community Accepted Standards

• Most projects (rightly so) focus on the content of their data files, you need to 
consider the format as well.

• Since you captured or created the data, and stored them in your own files, 
you know

• how the data are organized,
• how to read them,
• how to use them,
• characteristics of the data that could constrain their use.

• The goal of a good data format is to make it easier for others to read the data 
too.

• Many hours have gone into developing standards for formats – try to learn 
from them.

Curt Tilmes, NASA, 2013 ESIP Material



  

Why use community standards

• If you try to develop your data format 
from scratch, you will forget something.

• Build on the experience and 
improvements built into the community 
standards over years of use.

• Tools and analysis software natively 
support reading community standard 
data.

• Reduce development effort and 
support reuse.

• Positive feedback – they are more 
likely to be adopted by others.

Curt Tilmes, NASA, 2013 ESIP Material

http://xkcd.com/927/



  

Use self describing data formats

• Self-describing data formats have 
become a well accepted way of archiving 
and disseminating scientific data.

• Before self-describing data formats 
became widely used, each project often 
invented their own data formats, often 
raw binary or even ASCII.

• These approaches had a number of 
problems:

• Machine dependent byte ordering or floating 
point organizations

• Required a ‘key’ to be able to open the file 
and read the right data.

• A new custom reader is needed for each 
different data organization.  Working in a new 
language could be very difficult since you 
have to redevelop the reader anew.

Curt Tilmes, NASA, 2013 ESIP Material

http://artefacts.ceda.ac.uk/formats/netcdf/index_cf.html



  



  

Long term data archives

DataSpan



 IMDIS 2016

Combining data



 IMDIS 2016



  

Various slides

Øystein Godøy



 IMDIS 2016

Search
results

Transformation
request

Transformations allow users 
to do
comparisons of products 
and to extract
tailored products for their 
specific need

Transformations
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NetCDF

• NetCDF is a container you can put 
almost anything into

• Standardised formulations exist for
• Gridded data
• Timeseries
• Trajectories

• Including time series of trajectories

• Profiles
• Including time series of profiles

• Geometries (next release)

• Can easily be served as data 
streams using OPeNDAP

• Can be integrated directly in tools 
like

• R
• Matlab
• Ferret
• Python
• Excel

• Check e.g. NETCDF4Excel on 
GitHub

• If you access data through 
OPeNDAP you do not have to 
download data



  

• Columns of data are consistent: 
      only numbers, dates, or text
• Consistent Names, Codes, Formats (date) used in each column
• Data are all in one table, which is much easier for a statistical program to work 

with than multiple small tables which each require human intervention

Best Practices



  

If you use Excel or similar



  



  



  



  

Specific Arctic challenges

• Monitoring by both scientific and 
operational communities

• Collaboration needed

• Scientific communities good a 
archiving

• Operational communities good at 
real time exchange and combining 
efforts

• Bridging needed



  

Summary

• Document and share data

• Use standards
• And contribute

• Track usage
• Across communities



  

Issues for discussion

• Sharing data
• Bottlenecks sharing data in a proper 

form?
• Gaps in education?
• Mitigation?

• Experience using data generated 
by others?

• Bottlenecks and mitigation

• Standardisation
• Necessary?
• How to navigate?



  

Moving towards

• Data management required by funding agencies

• Integration of data centres

• Work flow management

• Funding agency requirements
• Projects must have a data plan
• Data underlying scientific publications have to be open
• Data plan (DCC)

• Data summary
• FAIR data

• Making data findable, including provisions for metadata
• Making data openly accessible
• Making data interoperable
• Increase data re-use

• Allocation of resources
• Data security
• Ethical aspects

• Scientific Platforms
• European Open Science Cloud

Courtesy of Morten W. Hansen, NERSC



  

Challenges


