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To congestion? 
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The Internet…. 
The end of data sharing as we know it 

from data sharing to data visiting in 

The Internet for Social Machines 





The Internet of FAIR data and Services 

The Internet for Social Machines 
The end of data sharing as we know it 



5 objects are shared between all three knowlets  

(in this case: metabolic syndrome, diabetes, and e.o Alzheimer) 

complexity is beyond human comprehension, not only in life sciences! 



Kristina Hettne, CDS University Library 

INs 

Resource 

Shared resource 

Community Implementation Choices & Challenges 
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This will also bring (the right) people together! 



first, some term-bashing 

• un-FAIR <> Re-useless 

• Standard <> Guiding principle 

• Open <> Accessible under well defined conditions 

• AI <> Machine learning  

• Management <> Stewardship 

• Sharing <> Visiting 

This community does not make the classical mistakes 



Distributed learning by VM’s 



(2005) 

Which Gene Did You Mean? 

why bury it first and then mine it again? 

What does FAIR eventually entail? 

The Machine knows what I mean 

(2018) 
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FAIR and GO FAIR 



Common Patterns in Revolutionary Infrastructures and Data  
Peter Wittenburg, Max Planck Computing and Data Facility, George Strawn, US National Academy of Sciences, February 2018  

https://www.rd-alliance.org/sites/default/files/Common_Patterns_in_Revolutionising_Infrastructures-final.pdf 

How is the Internet for Social Machines likely to develop?  

From looming congestion to exploitation ! 
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•Minimal standards  

•Voluntary participation  

•Critical mass 



Lessons from the Internet for People: 

1. Minimal standards only 

2. Rough consensus/Running code 

3. Don’t tell anyone else what to do 

4. Critical mass of lead-players 

Now, for the Internet for Machines  



• Minimal standards  

• Voluntary participation  

• Critical mass 

• Rough consensus and running code 

2005 2015 

EOSC 

FAIR 

2020 

EOSC, Commons, AOSP/C etc. 

2019 

Q1 

? 

Its happening RIGHT NOW! 



Erik Schultes, PhD 
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IN Profile Matrix 

From attraction to convergence !! 
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IN Profile Matrix     January 15-16, Leiden 

Matrix https://docs.google.com/spreadsheets/d/1MUZn7uh4x5YLPjqxi-V8XubsSEEonQWvx2jBlcyyNdU/edit#gid=0 

Survey https://docs.google.com/forms/d/1Oug6GowuG1jNZNsjklXOeEvPbUrhyuS_F-d185SOy6A/edit 
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Maximizing Reuse  

• Tools & registries 

• Sustainability plans 

• Funded infrastructure 

• PPP services providers 

FAIR Guiding Principles 
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• NIH Data Commons 

• Preclinical Trials 
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• Bayer 

• Journalists  

• Financial industry  
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needed to implement FAIR  

Self-Identified  

Community  
aiming to become more FAIR   

Implementation  

Challenge 
 

Community accepts challenge to 

create new metadata elements as 

needed to implement FAIR  Inspect IN Profile Matrix 

Community Implementation Choices & Challenges 
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Community Implementation Choices & Challenges 

Open, FAIR Data Point 

Hosted by trusted party  

(e.g. CDS, NIST…)  



Community Implementation Choices & Challenges 

Open, FAIR Data Point 
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MPS Hackathon 
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Minimally: treat everything as a digital, transferable FAIR object 

@evamen 

80% 

20% 



The seven capital sins of Open Science  



1: Age factor….Reward only narrative.com 

http://narrative.com
http://narrative.com


2: Ignore complexity and existing data 



3: Disrespect other disciplines 



4: publish data  

without a  

supplementary paper 



5: create a nightmare  

for machines 



6: refuse to invest in 

research -infrastructure 



7: Create Data 

without a  

Data Stewardship plan 



Http://GOFAIR/UUID.??  

object, entity, defined meaning  





s p o 

UPRI 

provenance 



SPO tripples as collections of connected DO’s  

Knowledge discovery 



s p o 

UPRI 

provenance 

A nanopublication is the smallest meaningful assertion,  

minimally one Subject-Predicate-Object triple 

S,P, & O are all concepts and thus all have Unique,  

Persistent and Resolvable Identifiers. Many nanopublications are  

small graphs with multiple triples forming the assertion 

s p o 

UPRI 

provenance 

Two nanopublications representing the same meaningful assertion,  

i.e. the Subject-Predicate-Object triples are identical 

may have different provenance (they come from different sources) 

They each have their Persistent and resolvable Identifier.  

and different provenance graphs 

s p o 

UPRI 

provenance 
UPRI 

provenance 

A Cardinal Assertion is one assertion that is linked to 1-n  

provenance graphs (up to thousands in some cases) 

A 
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disease-causing 
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5 objects are shared between all three knowlets  

(in this case: metabolic syndrome, diabetes, and e.o Alzheimer) 



A 
conceptual similarity 

(hypothesis generation) 

C 
conceptual drift  

(meta-data/blockchain) 

D 

QUA’s 

(semantic bias)  

The value of knowlets in dynamic ontological graphs 

B 
Near sameness 

(semantic lenses) 



 

Thank you! 
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’see you at your data’  


