Biomedical Discovery Informatics
Using Knowledge Graphs

Vit Novacek, PhD
April 24", 2019

V&v% WRTIS I, O@(y
NUI Galway V
OE Gaillimh A




Outline

* |nstitute / group overview
 Knowledge graphs

» Biomedical discovery informatics
- Signalling prediction
- Drug target prediction
- Ultimate goal



Outline

* |nstitute / group overview



DSI @ NUI Galway

 Data Science Institute

- Formerly DERI (2003-2013), a leading Semantic Web institute directed by
Stefan Decker (formerly of Stanford)

- Founding member of Insight, a €75M+ national research centre for data
analytics

- Part of National University of Ireland Galway ( )
- For detalls, see ,

 Research topics covered

- Al, Machine Learning, Linked Data, NLP/Text Mining, Recommender
Systems, loT, ...

* Verticals covered
- Healthcare, Financial, Green IT, ...


https://www.nuigalway.ie/
https://datascienceinstitute.ie/
https://insight-centre.org/

Vit's Group at DSI

Basic research on knowledge graphs (KGs)

- Regqularizing Knowledge Graph Embeddings via Equivalence and Inversion
Axioms. In ECML/PKDD, 2017 (
)

Straightforward biomedical applications of KGs

- Facilitating prediction of adverse drug reactions by using knowledge graphs
and multi-label learning models. In Briefings in Bioinformatics, 2019 (

)
Link prediction for systems biology and drug discovery
- See the next slides

Clinical applications of KG embeddings and explainable Al
- See the next slides


https://doi.org/10.1007/978-3-319-71249-9_40
https://doi.org/10.1093/bib/bbx099
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Knowledge Graphs

« A powerful way to organise descriptions of properties of objects and
their connections
 The “Semantic Web done right”
- Lightweight knowledge representation formalism
- Suitable for many domains and use cases
- Straighforward automated population and knowledge integration

- Rather complex inferences possible

Link prediction and knowledge base completion
Relation extraction

Analogical reasoning

FOL / DL axioms can be incorporated to some extent

- Scalable algorithms taking advantage of the most recent Al developments



Knowledge Graph Embeddings
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« Supervised machine learning problem

 Falls under statistical relational learning

- Effectively, fitting a multivariate probability density function to the
positive and negative “links” (i.e. subject-predicate-object triples) in
the knowledge graph

- Negatives typically generated as corruptions of positives

» Fixing subject-predicate, generating random objects, or the other way around
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Opportunities for Al / KGs In Life
Sciences and Healthcare

Al has not seen much direct application in

healthcare (with few rather experimental exceptions

like the expert systems of old)
* The tides may be changing, though
* The deep learning hype is largely responsible

- Image analysis for super-human diagnostics (DSI active

in the domain)

- Large-scale analysis of patterns in experimental omics

data (DSI active in the domain)

- Prediction of depression based on social network data

analysis (DSI active in the domain)

* But it's not only about that
- Biomedicine comes with wealth of curated, highly

expressive network data that are barely ever processed

- EHRs largely untapped due to lack of text mining
solutions integrated into reliable predictive models

- Knowledge graph techniques can be the next big thing
here (DSI has some pieces of world-first technology

here)

» The biggest challenges at the moment
- Explainable Al much needed (DSI active in

the domain)

The field would tremendously benefit from
much more communication between
biologists, clinicians, pharma experts and
computer scientists to inform novel models
that inherently address the challenges of
current biomedicine (DSI paving the way
here with some recent research)

Deep learning may not be the best for
clinical decision support (related to the
above points) - the biomedical field may need
to trigger a paradigm shift in the Al itself

New healthcare policies are required to use
Al in a safe, ethical and privacy-preserving
manner
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Signalling Prediction — Outline of the
Problem and Solution

* Problem

- Many diseases are associated with dysregulated cellular signalling (e.g. cancer or
neurodegenerative disorders)

- Making sense of signalling is a hard, expensive and time-consuming biological problem
- Computational predictions accelerate research aiming at evidence-based therapies

- Current systems struggle with low accuracy and limited proteome coverage, though

* Solution
- Representing phosphorylation signalling data as knowledge graphs (KGs)

- Training statistical relational models on the KGs to
* Be able to make predictions on any protein in the input data

* Increase prediction accuracy by taking the latent features of signalling networks into account

Training

Input phosphorylation Knowledge Graph Enrichment Training and

data conversion with negatives model selection
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Signalling Prediction — Result
Summary

~ AU-PR: 0.906 (+- 0.02), AU-ROC: 0.958 (+- 0.006)

kinase set coverage

Nature Biotechnology logo adapted from https.//www.nature.com/nbt/.
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Drug Target Prediction — Outline of
the Problem and Solution

* Problem

- Drugs work by interacting with proteins in the human body
* Interactions with the “right” proteins lead to therapeutic effects
* Interactions with unwanted proteins may lead to adverse (side) effects

- The human body has over 20k genes that produce around 100k proteins
- Hard to screen for drug interactions at this sheer scale

- Computational predictions can give new insights into therapeutic activities
and adverse effects of both de novo and approved compounds

— Current techniques do not fully utilise all available knowledge

« Solution
- Integrate relevant curated information in knowledge graphs
- Train a custom-made knowledge graph embedding model to make predictions
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Drug Target Prediction — Result
Summary
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« Joint work with University of Bristol

OXTORD

ACADEMIC

*  Submission in

Bioinformatics

Ul available at  http://drugtargets.insight-centre.org/

OUP Bioinformatics logo adapted from https://academic.oup.com/bioinformatics.


http://drugtargets.insight-centre.org/
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Ultimate Goals — Problem

Patient data + Current technology =  Limited results
(Experimental data + expert knowledge) (Limited understanding
m m of complex interactions)
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Ultimate Goals — Solution

Patient data, structured + KinCom technology = Unprecedented results
and unstructured data (Discoveries + experimental data) (Commercial and societal impact)
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