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Open Targets

EMBL-EBI Sanger

Academic partners Industry partners

GSK Genentech ? Pfizer Sanofi

A partnership to transform drug discovery through the 

systematic identification and prioritisation of targets



Our Approach We systematically use evidence to build therapeutic 

hypotheses between targets and disease
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The importance of genetic evidence for drug success

•Drug ~8x more likely to succeed 

if target identified in Mendelian 

genetic evidence 

•Drug > 2x more likely to succeed 

if target is supported by GWAS 

evidence

- Nelson MR et al, (2015) Nat Genet. 

Aug;47(8):856-60. 

- King EA et al, (2019). PLoS Genet. Dec 

12;15(12):e1008489.
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The importance of genetic evidence for drug success

•Drug ~8x more likely to succeed 

if target identified in Mendelian 

genetic evidence 

•Drug > 2x more likely to succeed 

if target is supported by GWAS 

evidence

• Drug mechanisms with genetic 

support have 2.6 greater 

probability of success

• “These results indicate we are 

far from reaching peak genetic 

insights to aid the discovery of 

targets for more effective 

drugs."- Nelson MR et al, (2015) Nat Genet. 

Aug;47(8):856-60. 

- King EA et al, (2019). PLoS Genet. Dec 

12;15(12):e1008489.

- Ochoa D, et al, (2022) Nat Rev Drug Discov.

Aug;21(8):551.

- Rusina, PV et al. (2023) Nat Rev Drug Discov. 

2023 Oct.

- Minikel, E.V. et al (2024) Nature

https://doi.org/10.1038/s41586-024-07316-0



The challenge of using GWAS for target discovery? 

How do you go from a variant associated to disease to the 

causal gene?

• Most disease associated variants are outside coding 

regions

• The causal gene is not necessarily the gene closest to the 

associated variant

• Sometimes variants can affect several genes

• The lead variant reported may not be the causal variant

Open Targets 

Genetics was 

established to 

systematically 

address this 

challenge



How do we predict causal genes (targets) for disease X from GWAS loci?

QTL datasets

● eQTLGen

● Additional pQTL datasets, 

including Sun et al, 2017

V GS

Programmatic access

EMBL-EBI 

FTP service

Google 

Cloud 

BigQuery 

GWAS Studies

V GS

Other datasets

V GS

● Epigenomics datasets, including 

PCHi-C, DHS, Fantom5, etc.

V GS

Summary 

statistics 

ingestion

● Harmonise alleles

● Genome build liftover

● Format

● Partition

● Filter

V GS

Association 

mapping

V GS

Epigenomic 

interval 

mapping

V GS

EFO trait 

mapping

Calculate LD

G WAS lead 

variant

LD variants

V GS

Credible set analysis

G WAS lead 

variant

Credible set

V GS

Colocalisation analysis

G W AS 

Study 1

Genes

GW AS 

Study 2

V GS

GraphQL 

API 

endpoints

Data sources Data ingest Statistical genetics analysis

Locus2Gene (L2G) pipeline

DistanceQTLs

Chromatin interactionsFunctional prediction

Gold standards

Loci with high-confid

e

nce causal genes 

Gene a

Gene b

Gene c

Gene n

...

Genes prioritised 

based on L2G score

L2G assignment 
(using machine learning 

approach)

V GS

Causal inference analysis User interface and data access

User interface

V GS

genetics.opentargets.org
Search by variant, gene, study, 

or reported trait 

V GS

Legend S
Involves study or 

trait data
V

Involves lead and/or 

tag variant data
G Involves gene data

A B C D E

Google 

Cloud 

Storage

Nat Genet 53, 1527–1533 (2021). 

PMID: 34711957

Locus2Gene Machine 

Learning pipeline

Goal: provide a predictive 

score for the most likely 

causative genes underlying 

each GWAS association 
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How do we predict causal genes (targets) for disease X from GWAS loci?

Nat Genet 53, 1527–1533 (2021). 

PMID: 34711957

Locus2Gene Machine 

Learning pipeline

Goal: provide a predictive 

score for the most likely 

causative genes underlying 

each GWAS association 

https://genetics.opentargets.org/ Optimising our pipelines

& data

opentargets.github.io/gentropy/

Python package for post-

GWAS analysis 

https://genetics.opentargets.org/
https://opentargets.github.io/gentropy/


How do we prioritise the best targets for disease X?
https://platform.opentargets.org

https://platform.opentargets.org/


How do we prioritise the best targets for disease X?



Named Entity Recognition & 

Deep Learning
Developed with Europe PMC to extract 
target – disease – drug relationships 

from the scientific literature

Open AI: 

Exploration of 

LLM for 

conversational 

summaries of 

evidence



Target Attributes

SafetyTractability DoabilityClinical Precedence





Drug Label Extraction ML model to data mine drug labels 

Developed by the ChEMBL team to 

extract drug indications from FDA-

approved drug labels in DailyMed



Why were Clinical trials terminated?

Natural Language Processing (NLP) to 

classify why clinical trials were terminated

Example: SCN9A and Pain 

https://platform.opentargets.org/evidence/ENSG00000169432/EFO_0003843

Why Clinical Trials Stop: The role 

of genetics
Olesya Razuvayevskaya, Irene Lopez, Ian Dunham and 

David Ochoa

Nature Genetics - Accepted

https://platform.opentargets.org/evidence/ENSG00000169432/EFO_0003843


Launch of ProtVar resource 

contextualizing human missense 

variation integrated predictions of the 

consequence of missense variation on 

stability using FoldX, protein-protein 

interactions based on AlphaFold

structures and predicted binding 

pockets

https://www.ebi.ac.uk/ProtVar/

https://www.ebi.ac.uk/ProtVar/


Recruiting!

Some 
Open Targets AI 
areas of research 

interest

Developing foundation 

models to analyse single-

cell perturbation data 

Project Lead: Mo Lotfollahi

(Sanger)

Using AI for predicting 

combination targets in 

cancer

Project Leads: Evangelia 

Petsalaki (EMBL-EBI) & 

Mathew Garnett (Sanger)

Exciting opportunities!: https://www.opentargets.org/jobs

Digital Twins for disease 

modelling

Project Leads: Sheriff 

Rahuman (EMBL-EBI) & Ellie 

McDonagh (EMBL-EBI/OT)

Recruiting!

Recruiting!

Knowledge Extraction, 

Representation, & usage

Project Leads: Barbara Zdrazil

(EMBL-EBI), Sebastian 

Lobentanzer (UKHD)

https://www.opentargets.org/jobs


• Provide integrated, standardised, 

harmonised, open source data 

• Cloud compatible (Google, AWS)

How we enable AI A few external examples:
• Han, Y. et al. Empowering the discovery of novel target-disease 

associations via machine learning approaches in the open targets 

platform. BMC Bioinformatics 23, 232 (2022).

• Gogleva, A. et al. Knowledge graph-based recommendation framework 

identifies drivers of resistance in EGFR mutant non-small cell lung 

cancer. Nat. Commun. 13, 1667 (2022).

• Ye, C., et al. Knowledge Graph-Enhanced Tensor Factorisation Model 

for Discovering Drug Targets. IEEE/ACM Trans. Comput. Biol. Bioinform.

PP, (2022).

• Raies, A. et al. DrugnomeAI is an ensemble machine-learning 

framework for predicting druggability of candidate drug targets. 

Commun Biol 5, 1291 (2022). 

• KG & LLM project (led by Vladimir Makarov)



• Associations from the Scientific 

literature

• Clinical precedence

• Learning from clinical trial 

failures

• Enhancing automation and 

reducing manual curation time

How we harness AI

• Addressing particular scientific 

challenges (e.g. predicting 

causal genes underlying 

GWAS associations)

• Applying to scientific research 

questions

• Provide integrated, 

standardised, harmonised, 

open source data

• Open Source software

• Cloud compatible

Enabling Therapeutic Hypothesis Generation For More Effective Disease Treatments

Enabling others

to harness AI/ML
Generating new knowledge Extracting knowledge
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