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marginal

Global ranking emphasizes regions
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Filled in points = true causal SNPs

d$conditional
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Stepwise conditional analysis

Does this analysis match the goal?

Maybe not: the more “LD friends” a causal

variant has, the more likely the stepwise
approach will pick one of its “friends”

This is particularly concerning when power is modest
(unlike in our well-powered example)

d$post_equal

Posterior: 1 causal

oooooooo
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oooooooo 00 00%00

40 60 80 100

(1:100)




Proportion of 1,000 Genomes SNPs
in different categories

proportion of SNPs
03
1

02

0.1

i

coding UTR promoter dhs intron intergenic

0.0

Gusev et al. Regulatory variants explain much more heritability than
coding variants across 11 common diseases. AJHG 2014

Proportion of 1,000 Genomes SNPs that are
causally associated with complex traits
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Multiple lines of evidence and several different types of
analysis suggest that certain functional categories are
enriched for SNPs associated with complex traits. We

might infer that causal SNPs are similarly enriched.

Thousands of loci found by GWAS

*  GWAS =» >1,000 variants
associated to various diseases

* Variants at any locus are highly
correlated (LD)

* GWAS-Variants are not causal

How do we identify causal variants at GWAS loci?

2011 2nd quarter

NHGRI GWA Catalog, www.genome.gov/GWAStudies

d$post_diff

Posterior: 1 causal with different weights
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Fine mapping studies

FGFR2 locus , Breast Cancer
1232 X 1233 X 1234

Goal: find causal variants at
GWAS associated loci

151219648 ————» @@ +—— 152420046
152081579 —> @
-4 1511200018 —» ®

. .
.0- : oo L .~ -
.
-t > 00 e 08 g oo

TR TR
NG TS

Sample size required for
differentiating SNPs in
LD[Udler et al GenEpi 2010]:
— r?(0.3) -> N=3,600 (maf=0.3, R=1.2)
— r2(0.8) -> N=12,500 (maf=0.3, R=1.2)

[Hunter et al NG 2007]

Large sample sizes required for fine mapping!




An optimization approach to fine-mapping

logso(P)
10
=

i MM ih

* Many GWAS associated loci
— Height (>180), BC(~30), PC(~30)...

* 2-step approach:
1. Select set of SNPs for functional validation from considered loci
2. Test set of variants in functional assays

* Goal: find as many causals within fixed budget

Methods for fine-mapping

* GOAL: prioritize variants for functional assays

* Prioritization approaches:
— Marginal association statistics
* Ignores LD =» suboptimal performance

— Conditioning approaches

* No clear strategy for selecting variants to condition on

* Stopping condition?

* Does not correctly model LD for prioritizing causal variants
— Probabilistic approach

* Estimates probability of each variant to be causal

* Can integrate ENCODE genomic features as priors

Statistical model = causal SNP probabilities
(statistical fine-mapping, see Schaid et al NRG 2018)

Pervasive Linkage Disequilibrium (LD) in the
human genome

* Neighboring SNPs are
inherited together on e SR
haplotypes T, (@ -

Y,

* Block-like correlation
structure across the
human genome

Barret et al. Bioinformatics 2005




Only need to measure a subset of the markers for Groups of neighboring variants will display significant
effective GWAS! associations due to LD

« Neighboring SNPs are WO W W W . ¢

inherited together on

‘U WY, V.Tg:»\ R '(//
haplotypes N YR ‘f\"&\'" .
N '
* Block-like correlation 2, e .
P %o ! H
structure across the H ;
human genome . o i H et a l
Wl bl
* Fill in the rest through FOE R R e FF PP ERECERRG
imputation

Marchini et al. Nat Rev Genet 2010

Basic linear model for trait

Fine mapping aims to figure which variants are
responsible for the observed association =
biologically functional &

o
- 50 158192565 S
> sdoag60 !, Ast °©
- 70 ";“ aaaaaaa 2 112111001 §
g 022012201 = o
g 000100210 x 3 + o
>
e 5 2 — 120011221 5 2
RO TR o 212210200 ]
S oo [
" i 220201000 S

y = X * + €
[n,1] [n,m]
[n.1]

3

n: individuals m: SNPs X: standardized genotype matrix  var(y)=1




GWAS marginal effect is biased due to LD

GWAS effect size at SNP i:
Bewas,i =1_,ll iy ZI%Xi([)ﬁ “')1(1)]5 +e)
= [ XX -~-5xixp]ﬁ + - Xie
=2 5B+ S Xie
Or in matrix notation:

Bawas = MYN(vp, 2010

)

REVIEW ARTICLE

Linkage Disequilibrium in Humans: Models and Data

eworski”

Pritchard&Przeworski AJHG 2001, Shi et al, AJHG 2016, ...

LD induces correlations between causal and non-
causal SNPs

w=_ = (strong) LD

“True” Causal Effects A \

N\

SNP SNP 2

LD induces correlations between causal and non-
causal SNPs

Fe= = (strong) LD

Observed GWAS Effects Z

SNP SNP 2

Given the correlation structure and association
strength, quantify the probability that SNPs explain the
signal

=== (strong) LD

P(C|Z,LD)
SNP 1
1 Fine Mapping SNP2
Observed GWAS Effects Z

SNP 1 SNP 2

CAVIAR, CAVIARBF, FINEMAP, PAINTOR, Susie, etc...
(nicely reviewed in Schaid et al NRG 2018)




Approximate estimation of posterior
probabilities (1-causal assumption)

* Assumptions
* one causal SNP per locus _. P(sle)P(c)
. . Pcls)y=—"""2
* causal variant is typed P(c)

* Marginal association statistics are sufficient to estimate
posterior [Maller et al Nat Gen 2012]

* Can be extended to frequentist approach

* Statistics at nearby SNPs are independent of phenotype
conditional on causal variant

* “Robust to misspecifications”
* Can estimate confidence sets

Allowing for multiple causals improves
accuracy

* Causal >
ausal status vector C — {617 C2, . Cm}
* Use Bayes to compute probability of each vector

picts) = PEDPO

* Model for association statistics

Causal status (Unknown)

S~ MVN()T\CEC, 5

Z-score (Known)

NCP of causal SNP (Known) LD pattern (Known)

08 1.0

Hecall Kate
04 0.6

0.2

0.0

Allowing for multiple causals improves
accuracy

2 Causal 3 Causal
N Q ]
@ |
7 o
[O)
2 ©
- g C). -
] S |
r o XMWA
| CAVIAR ~
—8— TopK o]
—— CM
| —A— 1-Post o
T T T T T ol T T T T T
2 4 6 8 10 2 4 6 8 10

Number of selected SNPs Number of selected SNPs

[Hormozdiari et al. Genetics 2014

Probabilistic models provide a principled way to

P(C|A)

Coding DHS Intergenic




Probabilistic models provide a principled way to
incorporate prior biological knowledge

Fe== = (strong) LD

A
P(C|4) \
Coding DHS Intergenic
Z

Probabilistic models provide a principled way to
incorporate prior biological knowledge

P(C|Z, LD)

0

SNP 1
Fine Mapping SNP2
1

P(C|Z LD,A)

o

SNP1 SNP 2

Kichaev et al. PloS Genetics 2014

(1) Where to get external functional information?
(e.g., classes of SNPs more likely to have function)

(2) How to quantify which classes of SNPs more

useful for our trait of interest?
(e.g., regulatory in tissue X vs tissue Y)

(1) ENCODE/ROADMAP provides a functional map
of the human genome (or use your own data)

Computational
predictions
and RT-PCR

— ’

enaszmattteen e i 4
LengasazisasmaRaseee et v

e I 9 0 R 0

Long-range Cls-regulatory elements
regulatory eloments (promoters, transcription H

rs, repressors/ factor binding sites) v
o ulate

“Here, we assign biochemical functions for 80% of the genome”
—ENCODE Consortium 2012 Nature




(2) Functional enrichment

* Question:
* |s GWAS signal concentrated in particular "functional” areas of the genome?

* Functional enrichment = GWAS Signal / proportion of genome covered
by functional annotation

(2) Functional enrichment quantification
Option 1: count of biofeatures with GWAS signal

* Question:
* |s GWAS signal concentrated in particular "functional” areas of the genome?

* Functional enrichment = GWAS Signal / proportion of genome covered by
functional annotation

* Example from Breast/Prostate Cancer (Chen..Linstroem Hum Genet 2019)

(2) Functional enrichment quantification
Option 1: count of biofeatures with GWAS signal

* Question:
* |s GWAS signal concentrated in particular "functional” areas of the genome?

* Functional enrichment = GWAS Signal / proportion of genome covered by
functional annotation

* Example from Breast/Prostate Cancer (Chen..Linstroem Hum Genet 2019)

(2) Functional enrichment quantification
Option 2: SNP-heritability enrichment

Functional elements
(enhancers, coding etc..)

N 1
=== l.

=

n Individuals:

Can be estimated directly from summary GWAS (e.g.,
Finucane et al Nat Gen 2014)




Example of functional enrichment

O Height 39x (s.e. 7.4%)
o BMI
[ Age at menarche
@ Schizophrenia

[ @ Immune meta-analysis

Pr(h2)/Pr(SNPS)

No enrichment +
[

* Finucane et al Nat Genet 2016

Top H3k27ac marks enriched in Prostate Cancer

H3K27ac
wn
q
o
o« LNCaP+DHT
& 4 o LNCaP
S
2
S
o} - ® .
£ o .
2 2
T e
o o .
4 - ‘
%] o e
2
S 7
o .
2
.
’
o 25
Q -
o

T T T T
0.00 0.05 0.10 0.15

% SNP
[Gusev et al NatComm 2016]

How do we put all together

W Credible Set: 99.0%

STATISTICAL FINE-MAPING

OUTPUT N T
° PI"ObabIlIty Of each SNP to be 3400000 3420000 aAALtJ:CL:maasnnaa 3480000 3500000

causal
* (optional: functional enrichment)

INPUT:

» Functional classes of SNPs (e.g., .
RoaMap/ENCODE) N R

« GWAS output (p-values for all LA, e
SNPs)

* LD patterns (correlation structure
among SNPs)

0102 03 04 05 06 07 08 09 10




Combining this into a Bayesian Hierarchical Model: Combining this into a Bayesian Hierarchical Model:
Big Picture Schematic Big Picture Schematic

Roadmap/ENCODE | Roadmap/ENCODE |

Functional Annotation I Functional Annotation I

Effects Effects
Causal SNP(s)

exp(y'A)
1+ exp(y/AJ)

-
P(C7=1]7,4)

P(C|7,A) = ﬁP(fﬂ [7.A) (1= P(C7|7,A))

j=1

1-C)

Causal Effects Causal Effects

GWAS Effects GWAS Effects

Combining this into a Bayesian Hierarchical Model: Combining this into a Bayesian Hierarchical Model:
Big Picture Schematic Big Picture Schematic
Functional Annotation i RoadrTjap/ENCODE I Functional Annotation i Roadn}ap/ENCODE I
- A & exp(y/ A7) Ty ~ exp(y'AY)
P(Cf:lw,A):#w PO =158 = T
Y /A7)
Estimated m | Estimated _ m |
:Causalsr\lP(s) P(C|7A) = [[ P(C7 |7, A (1 P(CT | 7,A))"C W P(C|7.A) = [[P(C7 |7, A (1~ P(CT | 7,A))"C
i j=1 i j=1
Causal Effects -y | C.o? ~ N(0,3¢)) Causal Effects L\ | C.o? ~ N(0,3c))
Y¢ = 0?Diag(C) + Diag(e) ¢ = 0’Diag(C) + Diag(e)
« LD N .
I e ( / N (BAc, B)N (0, zcwc)
Hormozdiari et al. Genetics 2014; =N(0,2 + IEcX)
Chen et al. Genetics 2015




Model: visual representation

Association
statistics
L (z-scores)
Association
Statistics
Input LD structure
Linkage

Disequilibrium

00000000006000000000  00000008008000000000 00000000006000000000
Functional

Functional :_@
) N W— annotation

Annotation

oo + S

PAINTOR; RIVIERA; CAVIARBF;FINEMAP etc...

Statistical Model (N-SNPs, M functional

i . classes)
Association ~
statistics : i g
(z-scores) i Lo Ls i Z: N-size vector of observed
Association statistics

P(Z;|Cj: X)) = N(Z;;85(Aj0C5),%;) (p.d.f of multivariant normal)

LD structure
C: N-size vector 0/1 ® 0O 00O @ 000 O
indicating causal status ( | H ( )
Causal/non- P(Cjiy) = Plcijiy
causalsps O O 0@ @ 000 0 000 0 0@ 000 c 1 1
e e —— ] Pleiji) = ci —ei
Functional p— e —— (e Trewtmay)” T ept74,)
. N
annotation —— — — A: NxM matrix of 0/1 = ==
indicating annotation N S|
membership for every —— = |
Locus 2 SNP

Locus 1




Statistical Model (N-SNPs, M functional

classes)
; , \;: effect size of SNP j
ik

Z: N-size vector of observed
Association statistics

P(Z;|Cj; X)) = N(Zj5;(\j0C)),%;) (p.d.fof multivariant normal)
2: LD at locusi
C: N-size vector 0/1 ® O OO o 000 0
indicating causal status
P(Cyy) = HP(%;'Y)
. _ 1 cij 1 1-cij
Plegin) = (13 EXP('YTAij)) G exp(—7Aij)
A: NxM matrix of 0/1 - e /s EffECt_9f annotation on
. - S| probability of SNP to be
indicating annotation
. | causal

membership for every
SNP

Getting output from statistical model: Bayes

N0, =+ EEcE)P(C| A7)
P(C|Z,%,A,9) = Yo cee N0, X+ XEXcX)P(C|A,y)

* Causal vector formulation gives the flexibility to model multiple
causal variants at any risk locus

* |terative procedure to estimate annotation effects across all fine
mapping loci using Maximum Likelihood and EM.

Practical considerations

Fine-mapping credible sets are miscalibrated
when assuming a single causal variant.

Causal Method Functional Causals 90% Credible
Assump. Annotations Identified Set Size

Single Maller et al. None 64.2% 265.0
Multiple CAVIAR None 91.9%’ 510.3

90% credible set = set of SNPs that consume 90% of
the total posterior probability mass

Maller et al. Nat Gen 2012;
Hormozdiari et al. Genetics 2014;




Leveraging functional enrichment improves fine- Statistical fine-mapping identifies bona-fide causal
mapping resolution variants

LETTERS

Method Functional Causals 90% Credible
Annotations  Identified Set Size
i 0
Single Maller et al. None 64.2% 2650 A thrifty variant in CREBRF strongly influences body
Multiple CAVIAR None 91.9% 510.3 \~~\ up to ~30% mass index in Samoans
Multiple  PAINTOR Included 91.2% 3937 | -7 improvement
“Bayesian fine-mapping with PAINTOR strongly supported following up the
90% credible set = set of SNPs that 90% of missense variant. The two variants in the region with the highest posterior
the t;:l ;J 0;:;] or Zer ogabilit; m aa s Sconsume 00 probability (PP) of being causal were rs373863828 (PP = 0.80) and
rs150207780 (PP = 0.22); when Encyclopedia of DNA Elements (ENCODE)
Maller et al. Nat Gen 2012; functional annotation was included, these probabilities increased to 0.92
Hormozdiari et al. Genetics 2014; and 0.34, respectively ”

Kichaev et al. Plos Genetics 2014

Divergent population histories give rise to unique
genetic backgrounds

LD Patterns

Allele Frequencies

What if we have multiple ancestries? Can we
still perform statistical fine-mapping?




GWAS loci tend to replicate in non-European
populations = shared causal variants

200 4
East Asian P values
175 4 DYRK2, IFNG ®
005
-
1.50 3249
| 5x10° &
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s Ratlo In turopeans see also: Marigorta et al. Plos Genet. 2013

Zaitlen et al. Am J Hum Genet. 2011, PAGE
consortium Nature 2019

Leveraging genetic diversity to improve fine-mapping

f— strong LD
””” weak LD

European Ze

SNP SNP 2

Leveraging genetic diversity to improve fine-mapping

— strong LD

””” weak LD
— 1
European Ze P(C | Zev LDe)
°
ine Mapping
iNP SNP 2 SNP 1 SNP2

Leveraging genetic diversity to improve fine-mapping

f— strong LD
””” weak LD

European Ze

SNP SNP 2

Asian

SNP SNP 2




Leveraging genetic diversity to improve fine-mapping

— strong LD
””” weak LD

European Z e

SNP SNP 2 Fine Mapping

1

P(C | Zy Zy LDy LD, "

Leveraging genetic diversity and functional annotations
to improve fine-mapping

strong LD
””” weak LD

European Ze

Fine Mapping

P(C | Zg, Zq, LD, LDy, AY
Asian Za

o

" e
1

Asian Za
0
:SlNP SNP 2 SNP 1 SNP 2
MULTI-ETHNIC STATISTICAL FINE- .. =
MAPING : '
OUTPUT 00 s sememm e St oot e
 Probability of each SNP to be e — )
causal I

* (optional: functional enrichment)

INPUT:

* Functional classes of SNPs (e.g.,
RoaMap/ENCODE)

* GWAS output for each ancestry
(p-values for all SNPs)

» LD patterns for each ancestry
(correlation structure among
SNPs)

Integrating functional annotation data in trans-ethnic
fine-mapping

uuuuuu

Europeans’ Asian

reauency  WHTHIRLIE MIBINNI 10 VETMATT LWL CRER TR R T reauency  WTTIELIE WIBINI IV VETSAED 0 10 A R RIR T

00000000000000000000 000000C 000000C

(™ IR ™ ™ Ry P R ™ R < S

Main assumption: same causal variants with causal probability from functional data

[Kichaev et al AJHG 2015; Morris Gen Epi 2011; Liu et al AJHG 2016; etc...]




Generalizing integrative fine-mapping from a single
population

, - {  Roadmap/ENCODE |
Functional Annotation
Effects
Causal SNP(s)
==
Causal Effects Pop 1 Causal Effects Pop 2 Causal Effects Pop P

|  GwaskffectPopl | | GWAS Effect Pop 2 |D| GWAS Effect Pop P |
P
Zl--~Zp|21--~2p,C,A~<HN(O,ZP+EPZCZP)>P(C|A)

p=1

Trans-ethnic fine-mapping reduces the size of the
credible causal sets

Final Annotations selected by model:

LETTER

DHS (Skin Keratinocytes, Th2, and B-lymphocytes),

Genetics of rheumatoid arthritis contributes to Immune Enhancers, Exonic regions
biology and drug discovery
et s sy e e s Average Size of 90% credible set
N Europeans = 68K No With
N Asians = 36K pats Annotations  Annotations
) _ (’ Asian 35.2 31.9
Single Population 1 European 32.0 28.7
‘ i J B Meta analysis 28.5 329, 250
Multi Population ""177 Asian, European 24.0 \21.7

Example of multi-ethnic fine-mapping
Europeans+East Asians

)

nature_
genetics o

DT V—— o8

probability =0.911

Genome-wide association analysis i
identifies 30 new susceptibility loci for §
schizophrenia §
Zhigiang L, Jianhua Chen ... Yongyong shi® %02

Hoture Genetics 49 ISTE-1583 2017 Dowriond Caton

TT T
CODING

02 thn e, e ke vay < . 2scoRer2

Example of multi-ethnic fine-mapping
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Big picture

GWAS Marginal . Linkage Disequilibrium . Functional
Summary Statistics Reference Panel Annotation

\ }

! !

LD Score Regression PAINTOR/Susie
(or many others) (or many others)

(1) Find functional (2) Estimate SNP
annotations of interest Probabilities of Causality

Questions

RECAP

Computational
predictions
and RT-PCR

Siancers insulat

* Functional enrichment (LDSCORE regression, Finucane
et al NG 2016)

Identify functional elements of interest

Functional partitioning analysis in LDSCORE

3-prime UTR (1.1%)
Coding (1.5%)

Weak enhancer (2.1%) -

w

**Conserved (2.6%)
Promoter (3.1%)
Enhancer (6.3%)

Fetal DHS (8.5%)

H3K9ac (12.6%)

TFBS (13.2%)

HaK4me3 (13.3%)

DGF (13.8%) o

DHS (16.8%) 4

Super Enhancer (16.8%) 4
H3K27ac (PGC2) (26.9%)

Transcribed (34.5%) 4

Intron (38.7%)

H3K27ac (Hnisz;39.1%) 4

HaKdme1 (42.7%)

Repressed (46.1%)

4!..““‘

T T T T
5 10 15 20
Proportion of h2g / Proportion of SNPs

o

(hippocampal volume) Hibar et al Nat Comm 2017




Prioritize genetic variants likely to be
biologically causal

£ Multi-region fine-mapping with annotation

Ea Locus 1 Eb Locus 2 Ec Locus 3
.u) B RBw
' © g [ | | | o 0
| o o ) ° B e® o
y ° ell. b ° g
L ] L} "..
s allll. . S ||| R . B s
|| = || =

*Le
* Borre

Tz

tation 2

m i

Schaid et al Nat Rev Genet 2018

Questions

Statistical fine-mapping at gene-level
in TWAS/PrediXscan/etc...

Genotype data

Gene Expression

N > 100,000

.. ACTGACATGCAACTA ..
.. ACAGGAATGCAACTA ..
.. ACTGAAATGCAACTA ..
.. ACTGAAATGCAACTA ..

.. ACTGAAATGCCAAAA ..
.. TCTGGACTCCAACTA ..
.. ACAGATACCCAGCAA ..
. AGTGAACTGCCACTA ..

1
| 1
I 1
Gene I TWAS
Expression |
Imputation le—>
: 0.1, 0.9, .. |
[~ 0.3, 0.2, I
w 0.1, -0.3, .. !
| 1
| 1
| S R |

Trait

PO R E




TWAS example

TWAS -logyo P

GWAS -logqg P

T T T T T T T T T T T TTTTTTTI

1 2 3 4 5 6 7 8 @ 10 11 12 13 14 15 16 17 18 20 22

Chromosome

Mancuso et al. Nat Comm 2018

Are all TWAS significant genes causal?

TWAS = Mendelian Randomization under strong
assumptions

Confounders

| [

} Gene expression | | Complex Trait

Instrument
(genotypes)

* Instrument must be associated with the exposure

» Instrument must not have an association with outcome, except
through the exposure

+ Instrument is not related to measured or unmeasured confounders

non-causal TWAS associations due to co-

regulation
co-expression co-regulation
a Trait " Trait
Co-reg. I .
<—> —A/G: Non-causal gene

Wainberg et al. 2019 Nat Genet




non-causal TWAS associations due to tagging

false-positive QTL false-negative QTL
< Trait d Trait
I\

. h
M\faj@neﬂéﬂy% M \

Wainberg et al. 2019 Nat Genet

—T/4 —C/A=GT—————CG———=TA—T/C
GWAS GWAS
hit hit

TWAS interpretation

* Two sample Mendelian Randomization test
- Estimate mediating effect of gene expression under very strong assumptions!
- Zhu et al. Nat Gen 2016; Barfield et al Gen Epi 2018, ...

* Test of association (genetic covariance) expression and trait
- Similarity between trait / GE at local genetics

- Gusev et al. Nat Gen 2016; Mancuso et al. AJHG 2017, Wainberg et al Nat Gen
2019; Mancuso et al Nat Genet 2019

ture
I

Opportunities and challenges for transcriptome-
wide association studies

Michael Wainberg, NasaSi % Ni *, AlvaroN. Barbeira©*,
David A. Knowles ©%¢, Davi , RailiErmef’, , Thomas Q )
KeHao®", JohanL. M.Bj siomies, o, jucoms,

2
Manuel A.Rivas ©'5* and Anshul Kundaje ©'2*

But we really want causal genes...

Probabilistic fine-mapping of TWAS

GWAS: Fine-mapping . -y
multiple associated T
SNPs in LD at a locus g Ce

vvy

SNP comelation
matrx (LD)

Mancuso et al. 2019 Nat Genet




Probabilistic fine-mapping of TWAS

GWAS: Fine-mapping . e . s
multiple associated SNPs in 1 T
LD at a locus il *

0910 Powas
.
0910 Prwas

TWAS: Fine-mapping Seusee :
multiple gene models = e m 1 OO

posterior probability for vww‘;

each gene = credible sets
mateix (L0) dicted
(Focus) expression

LD

Mancuso et al. 2019 Nat Genet

Expression
waght matix

NP coniaton
mair (L0)

Example of TWAS fine-mapping

]
o . o 2
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Mancuso et al. 2019 Nat Genet
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FOCUS accurately identifies credible genes

Performance in real data

Performance in simulation Table 1| Summary of gene-based fine-mapping in lipid GWAS

risk regions
1.00 o8
— Lipid trait GWAS  GWASrisk TWAS  Genesin
H risk regions with genes  90%-credible
R regions  TWAS- atrisk  sets
53 . significant  regions
8§32 | sees
58§ o050 - HDL 43 18 64 30
s 8 LDL 36 20 56 40
89 —
&s I Simulation Total cholesterol 51 24 73 53
- . Triglycerides 30 3 33 25
E5 Shared Overall 0 75 26 148
0.00 B3 Standard Unique 89 46 46 100
! ! an Ll Detect”
o & 3 c inret % AT isa gene whose
S & 05715277
< > < I count
N
Gene selection 1.5 genes on average in the 95% credible set

Mancuso et al. 2019 Nat Genet
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Unbiased estimation of enrichment of causal variants

in simulations

7.5+
5.0
254

0.0+

Inferred Log2 Enrichment

-2.5+

-5.0

B ;
Simulated Log2 Enrichment

Method

=== PAINTOR

= fgwas
Hapgen

2 simulations
100 loci 10Kb
Europeans 100G
h2=0.25
N=5,000

[Kichaev et al. Plos Genetics 2014

Functional data improves fine-mapping accuracy

1.00 4

0.754

0.50 4 /

0.25

Proportion of Causal Variants Identified

0.00

o-

~—— PAINTOR

- = PAINTOR.No.Annot

— - CAT.score

= 'LLARRMA
- P.value

- — fgwas

~— Maller.et.al.

- — piMass.RB

10 20
Average # of SNPs per locus selected

30

[Kichaev et al. Plos Genetics 2014

Functional data improves fine-

Loci with 1 causal

mapping accuracy

Loci with >1 causal

1.00 - 1.00 4

0.75- 0.75 -
0.50 -

0.50 -

0.25- |7 0.25

0.00 - 0.00

Y ~— PAINTOR
W - - PAINTOR.No.Annot
— - CAT.score
= LLARRMA
- P.value
- — fgwas
~— Maller.et.al.
- — piMass.RB

[Kichaev et al. Plos Genetics 2014

How many variants to functionally test to find

causal variants?

5.7 (369.5)

Method (assumptions) 50% of all causals 90% of all causals

12.3 (796.9)

Simulations:
100 loci 10Kb
Europeans 100G
h2=0.25
N=10,000




How many variants to functionally test to find
causal variants?

Method (assumptions) 50% of all causals 90% of all causals

Probabil (single causal per locus) (Maller et 2.7 (172.4) 25.0 (1616.1)
al NG’12)

Simulations:
100 loci 10Kb
Europeans 100G
h2=0.25
N=10,000

How many variants to functionally test to find
causal variants?

Method (assumptions) 50% of all causals 90% of all causals

5.7 (369.5) 12.3(796.9)
ties (single causal per locus) (Maller et 2.7 (172.4) 25.0(1616.1)
al NG'12)

PAINTOR 1.7 (108.9) 11.4 (734.4)
(multiple causals)

Simulations:
100 loci 10Kb
Europeans 100G
h2=0.25
N=10,000

How many variants to functionally test to find
causal variants?

Method (assumptions) 50% of all causals 90% of all causals

Prob. (single causal per locus) (Maller et 2.7 (172.4) 25.0 (1616.1)
al NG'12)

PAINTOR 1.7 (108.9) 11.4(734.4)
(multiple causals)

PAINTOR 1.2(78.7) 9.7 (625.6)
(multiple causals; with ENCODE)

Simulations:
100 loci 10Kb
Europeans 100G
h2=0.25
N=10,000

How many variants to functionally test to find
causal variants?

Method (assumptions) 50% of all causals 90% of all causals

Probabilities (single causal per locus) (Maller et
al NG’12)
PAINTOR 1.7 (108.9) 11.4(734.4)
(multiple causals)

PAINTOR 1.2(78.7) 9.7 (625.6)
(multiple causals; with ENCODE)

PAINTOR* 1.2(77.9) 9.4 (610.6)
(multiple causals; true ENCODE prior)

2.7 (172.4) 25.0(1616.1)

Simulations:
100 loci 10Kb
Europeans 100G
h2=0.25
N=10,000




Assuming 1 causal per locus yields
miss-calibrated causal sets

Causal Set Method Annotations ‘ # Causals # SNPs
Maller et al. - 63.2 325.5
90%
Maller et al. - 68.8 409.8
95%
Maller et al. - 76.7 579.4
99%

[Kichaev et al. Plos Genetics 2014]

How many SNPs to follow-up?

» Depends on ratio of benefit of finding a causal variant to cost of

testing a variant (r=B/C)

» r=10 =>the benefit of finding a causal outweighs 10 times the cost of testing 1 SNP

1.00 St
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N ..
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5075 | \ =1.25
= kY \ -~
3 | 71K \ =1s
N e e
sos01 gh || \ \
c |
S ) \ - =5
'-g h’- [ | "
2 |y \ <=0
o | K \
0025 } vl
| =25
Fole
Pl
0.00
0 100 00 500

200 300 4
Number of SNPs Selected

r=10, ~3.8 SNPs per locus to identify ~72.6% of all causals
r=100, ~13.1 SNPs per locus to identify ~96.2% of all causals

Assuming 1 causal per locus yields
miss-calibrated causal sets

Causal Set Method Annotations | # Causals # SNPs
Maller et al. - 63.2 325.5
90% PAINTOR - 90.1 569.4
PAINTOR + 89.9 461.0
Maller et al. - 68.8 409.8
95% PAINTOR - 95.8 741.4
PAINTOR + 95.6 628.8
Maller et al. - 76.7 579.4
99% PAINTOR - 101.5 1118.9
PAINTOR + 101.6 1001.8

[Kichaev et al. Plos Genetics 2014]

[Kichaev et al. Plos Genetics 2014]

How many SNPs to follow-up?

» Thresholding on posterior probability of causality gives a principled

way of maximizing utility.
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[Kichaev et al. Plos Genetics 2014]




Other considerations

*Locus size (function of LD):

* Increasing locus size increases performance of
PAINTOR vs existing methods

* 10Kb: 27.4 vs 11.4 variants to follow-up to find 90% of causals
* 50Kb: 110.7 vs 24.1 variants to follow-up to find 90% of causals
*Causal not in the data:
» Median distance in Kb increases by ~6%
» 21.6 vs 22.0 median Kb to the top 10 SNPs
* 1.6 vs 4.0 minimum Kb to the top 10 SNPs
*Sample size

*19.0, 12.5, 10.8 variants per locus to find 90% of all
causals for 2.5k, 5k and 10k samples




