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Why study genetics of complex disease?

Understand the biology of disease
— Powerful experiments of nature in Homo sapiens
— No reverse causality, less confounding
— Can use genetics to gain causal insight into disease aetiology

Predict disease?

|dentify novel therapeutic targets or better unders tand existing
ones

— Genes elucidate novel pathways to T2D — perturbation of which alters
disease risk




Background

Genetics can aid drug development process

— Identify new targets

— Validate existing targets
— Increase or reduce enthusiasm
— Insight into safety profile
— Identify opportunities for repositioning




Failure due to lack of efficacy is a major challeng
development
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Drugs with genetic support are more likely to becom e @
safe and effective targets
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Even modest increases in clinical trial success rat es
can translate into substantial increases R&D effici ency
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Genetics can identify new drug targets...




Genome-wide association studies have identified
thousands of variants that influence human traits

Associations
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Source: NHGRI/EBI GWAS Catalog, September 1, 2016



Genetics can identify new drug targets... ish @

— To develop drugs based on
genetic evidence, we need to
know the effector gene

— Some suggest that the small
effect sizes of genetic
variants render the findings
less relevant...




Common variants with modest effects do not equate t 0 @
therapeutic potential

Statins

— LDL-lowering therapy used by millions
— Prevent ~80,000 strokes and heart attacks each year
— Inhibit HMG-CoA reductase (HMGCR)




Genetics can alter enthusiasm for putative targets @

e Ezetimibe inhibits NPC1L1

* |nactivating mutations in
NPC1L1 are associated with
lower LDL and risk of CHD

 Thus, suggest that inhibition of
NPC1L1 will be effective therapy

e Published the week before
randomised controlled trial




Genetics can inform safety profile for existing dru gs

Endpoint  Gene Number of OR (95% ClI) p-value
genetic variants

NPC1L1 2 m—— 2.42 (1.70, 3.43) 9 x 1007
HMGCR 3 1.39 (1.12, 1.73) 0.003
Type 2
dinbetes PCSK9 1 1.19 (1.02, 1.38) 0.03
ABCG5/G8 1 1.15 (0.89, 1.48) 0.29
LDLR 1 1.13 (1.00, 1.29) 0.05
NPC1L1 2 e — 0.61 (0.42, 0.88) 0.008
Coronary HMGCR 3 e 0.62 (0.49, 0.79) 9 x 1005
d"%‘”efy PCSK9 1 o 0.60 (0.48, 0.75) 7 x 10706
ISease
ABCG5/G8 1 — — 0.54 (0.42, 0.69) 1 x 1006
LDLR 1 — 0.57 (0.49, 0.66) 1x 1073
25 5 1 2 4
Odds ratio of endpoint Lotta et al, 2016, JAMA

per LDL reduction of 1 mmol/L




|dentify opportunities for repositioning

— IL-6R antagonism already licensed
for rheumatoid arthritis

— Potential for prevention of other
diseases e.g. coronary heart
disease?

— Caution for other outcomes

Rheumatoid Arthritis —a
Atrial Fibrillation —_—
Abdominal aortic aneurysm ——a——m
Coronary heart disease L
T1D —_—
Atopic dermatitis —_—
Asthma —
All cancer ——
8 .I9 1 1|.1 1I.2

OR (95% CI) per minor (358Ala) allele

IL6R-GC Lancet 2012

Schnabel Circ Cardiovasc Genet 2011

Harrison et al Eur Heart J 2012

Eyre et al Nat Genet 2012

Ferreira et al PLoS Genet 2013

Esparza-Gordillo et al, J Allerg Clin Immunol 2013
Ferreira et al Lancet 2012

ILBMR Lancet 2012




Exome sequencing studies can identify functional @
variants in genes encoding drug targets




Aims:

Using a large-scale systematic approach for genes encoding targets for
T2D/Obesity, could we:

1) ldentify variants that mimic drug effects?

- l.e. does a variant in a gene encoding a receptor have the same
effects as a drug binding to that receptor?

i)  Use those to evaluate risk profile of T2D/obesity drugs and
opportunities for repositioning?




Aim 1: identify variants that mimic drug effects

Discovery

Exome sequencing of genes encoding targets of relevance to
T2D/obesity (N 11,806) — 6 genes tested for association with
T2D/obesity and related phenotypes

Replication
Targeted genotyping of 7 promising* variants (N 39,979)

In silico analysis where possible (N 70,242)
*(p<0.001, p<0.05 and strategic interest)

Follow up

In silico analyses of replicated variants to evaluate risk profile
for a range of traits and diseases




Discovery analyses
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4 weeks later...




A316T: 1% MAF

6 4 755



Sequencing and genotyping identified a missense var lant in
GLP1R associated with glucose levels

@




GLP1R - the gene and the receptor

— Receptor for glucagon-like peptide-1

— Hormone which stimulates insulin release
— Target for major drug class for T2D

— GLPI1R agonists

— Effective and widely used for diabetes

— FDA, 2008: any new T2D agent should be shown to be “not associated
with an unacceptable increase in cardiovascular risk”

— Some (controversial) suggestions that GLP1R-agonists associated
with an increase in rare adverse pancreatic events

— Suggested for use in a range of other disease outcomes




Key questions

Ill. Evaluate safety profile of GLP1R agonists?

Il. Investigate opportunities for alternative indica  tions?

|.  Was our variant mimicking GLP1R-agonism?




What do we know about the GLP1R variant? @
Previous experimental evaluation

* 1s10305492; Ala316 Thr@MAF=1.5%)
e SIFT, POLYPHEN, CADD: damaging

* Function uncertain from previous small studies in cell models (cHO and HEK293
cells)

* No effect on dose response to GLP1
Fortin et al, J Pharmacol Exp Ther 2010

» Lower surface expression of GLP1R
* Reduced intracellular signalling

Koole et al, Mol Pharmacol 2011




How reliably can we use bioinformatic prediction of @
missense variant function?




What do we know about the GLP1R variant? @
Human, mouse and trial data

* Minor allele = lower fasting glucose

» Agonist = lower fasting glucose

* GLP1R KO mouse is hyperglycaemic

* Human loss of function variants (LoF) too rare to allow any inference

» Minor allele = gain of function?




Ala316Thr compared to GLP1R-agonists

Biomarker
Fasting glucose
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. Unable to detect difference

for others (low power)

. Good instrument?



GLP1R Ala316Thr associations

Disease N N .
Outcome cases controls OR (95/0 CI) p_VaIue
T2D 25,868 122,393 * 0.83(0.76,0.91) 9.4x10°
| | | | | |
0.7 0.8 0.9 1 1.2 1.4 1.6

OR per glucose lowering-allele



Aim 2: evaluate safety profile and opportunities fo  r @
repositioning
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GLPI1R Ala316Thr associations

Disease N N
outcome cases controls OR (95% Cl)
T2D 25,868 122,393 ——¢— 0.83(0.76, 0.91)
Coronary
heart disease 61,846 163,728 ‘ 0.93 (0.87, 0.98)
(CHD)
| | | | | |
0.7 08 09 1 1.2 1.4 1.6

P-value

9.4x107°

9.2x103

OR per glucose lowering-allele



« Genetic prediction supported trial
finding of cardiovascular safety

* Provides further support for utility
of genetics in target validation, if

we have
 the right variants
* the right outcomes




Opportunities for alternative indications?

Disease N
outcome cases  ~controls OR (95% Cl)
T2D 25,868 122,393 T 0.83 (0.76, 0.91)
Coronary
heart disease 61,846 163,728 — 0.93(0.87,0.98)
(CHD)

Pancreatic Cancer 4.987 8,627 ¢ ) 1.15(0.82, 1.61)
Ovarian Cancer 1,879 5,118 ¢ 0.98 (073, 131)
Breast Cancer 5157 4838 € ¢ 0.88 (0.70, 1.11)
Prostate Cancer 3937 4,423 ¢ 1.16 (091, 148)

Parkinson's disease ¢ 1.07 (0.80, 1.43)

Alzheimer's disease 14,753 16,354 ¢ 0.94 (0.81, 1.09)

| | | | | |
0.7 0.8 09 1 1.2 14 1.6

P-value

9.4x107°

9.2x103

0.43
0.92

0.28
0.25

0.65
0.40

OR per glucose lowering-allele



Conclusions @

— Systematic approach: missense variant in GLP1R associated with

— lower fasting glucose and lower risk of T2D

— lower risk of coronary heart disease - increasing confidence in cardiovascular
safety of GLP-1R agonists

— Prediction later supported by trial data

— Further demonstrates potential in leveraging human genetics to inform
therapeutics

— Highlights the challenges involved, including the scale of data and
collaboration required

— Months of negotiation required to access results

— Move toward results sharing and large biobanks with deep phenotyping and
genetic data likely to enable
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