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The Capacity to Know
• How to improve knowledge 

about research and innovation? 
• How to attract international 

research collaborations & 
investments?  

• How to ensure that countries & 
communities benefit from R & D 
involving biodiversity & TK under 
the Nagoya Protocol?



Approaches
• Link national research 

permit systems together to 
make ABS easier &  enable 
monitoring 

• Use large scale digital 
methods to enable 
monitoring.



Permit Systems



• Take existing permit 
systems:
• create and link up IT 

systems

• Bahamas - multiple systems
• Kenya - multiple systems
• India - monitoring module



abspermits.net

http://abspermits.net














Filling out standard questions. Only ask a question once and use tidy data principles. 

https://www.jstatsoft.org/article/view/v059i10/v59i10.pdf


An ABS portal links to the system. Code for the prototype can be adapted to serve the needs of others.



Monitoring
Addressing Issues of Scale: 

• 1 billion GBIF taxonomic occurrence 
records 

• 211 million scientific publications 
• 110+ million patent documents 
• The internet (hundreds of millions) 







Organisation 
network 

researching GR & 
TK in Kenya



Kenya Patent 
Activity for All 

Species Recorded in 
Kenya



This is hard and time consuming to do:

How to automate at scale?

Use machine learning to train a mathematical 
model to recognise patterns and predict what they 
are (e.g. is this a dog or a cat) 

We are using spaCy from Explosion AI in Germany. 
spaCy is free, open source and transparent



Step 1: 
Classification

Is this document about 
biodiversity (YES/NO)



Prodigy from Explosion AI in Germany is a tool for annotating data to train machine learning 
models. Here we want to create a general classification model to identify documents that are 
biological.  The more examples used to train models the better. Here we use a few thousand. 









Train a Model
Here we use 3713 80% of the annotations we just made to train the model and we then test the results on an evaluation 
set with 978 (20%) examples the model has not seen. This gives us scores on how good the model is with unseen data 
(beware of over fitting - where a model becomes great at predicting data it has seen but rubbish with unseen data!) 



Step 2: 
Name Entity Recognition

> Show me species, place, 
country, person, organisation or 
TK related terms in a document



Ostracods collected from shallow coral reefs in the 
Bahamas were found to exhibit blue light-stimulated 
orange fluorescence at night. Fluorescent spectra 
revealed the presence of orange fluorescence with a 
maximum emission at ~595 nm on the carapace of 
these ostracods, while scanning electron microscopy 
revealed a morphologically diverse microbial community 
covering the entire carapace of these ostracods. 
Pyrosequencing and cyanobacterial-specific 16S rRNA 
sequencing reveals that this epibiont community is highly 
diverse and highly variable between individual ostracods. 
Many species of Cyanobacteria in the orders 
Oscillatoriales and Chroococcales, as well as other 
Proteobacteria and diatom chloroplast sequences, were 
identified using the cyanobacterial-specific primers. 
While no fluorescent proteins or phycoerythrin were 
detected in these ostracods, it is possible that the 
observed orange fluorescence is the result of carotenoid 
fluorescence from Cyanobacteria. The microbial 
consortium forms an epibiotic biofilm on the carapace of 
these ostracods whose functions are unknown.

This is hard to read. We need to find a way to mark the interesting bits.



The model is identifying some of the entities but is getting some of the labels wrong - because the base 
model has not been trained on this type of data. I have added the Taxa category to the model but can 
you see where more work is needed to pick up biodiversity related terms?



This example is better and picks up abbreviated species names and does well on country names. But it 
thinks Amazon is an organisation and that the Piaroa are a person. This highlights a need to train up the 
named entity recogniser but will work well once trained. 



Step 3: 
Scale Up
Apply to 211 million publications 

Here a simpler dictionary approach was used to 
text mine 166 million publications from Microsoft 
Academic Graph. It allows us to visualise trends 
and actors and to draw maps. This is very much 
a first draft leading to the 2020 COP in China. 
This data is now being used to train models to 
work at scale. 



Status: rough first draft





Using the open access GRID dataset we can map organisations around the world publishing on species. 

https://www.grid.ac/




Closing
Monitoring under the Nagoya Protocol 
allows us to do more than focus on 
compliance. It also allows us to improve 
our knowledge and understanding of 
biodiversity research and innovation on a 
global scale. That is a goal worth pursuing 
in thinking about the post-2020 vision to 
address the biodiversity and climate crisis. 



Credits

• GBIF & Global Names Index 
• Microsoft Academic Graph 

& Open Academic Graph 
• Explosion AI for spaCy and 

Prodigy. 

https://www.gbif.org/
http://gni.globalnames.org/
https://www.microsoft.com/en-us/research/project/microsoft-academic-graph/
https://aminer.org/open-academic-graph
https://explosion.ai/
https://spacy.io/
https://prodi.gy/

