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• You’ve	
  conducted	
  a	
  GWAS	
  using	
  in	
  ~100,000	
  individuals.	
  

• 10	
  regions	
  are	
  GWAS	
  significant.

• You	
  have	
  resources	
  to	
  conduct	
  follow-­‐up	
  studies	
  of	
  10	
  SNPs.	
  

• How	
  do	
  you	
  chose	
  the	
  SNPs	
  for	
  functional	
  follow-­‐up?

Motivating	
  example:

How	
  would	
  you	
  choose	
  the	
  ten	
  SNPs	
  to	
  follow	
  up?	
  How	
  would	
  you	
  use	
  the	
  

genetic	
  association	
  data?	
  What	
  other	
  information	
  could	
  you	
  use?	
  How	
  would	
  

you	
  combine	
  the	
  association	
  results	
  with	
  this	
  additional	
  information?

Filled	
  in	
  points	
  =	
  true	
  causal	
  SNPs

truth

0  1

dhs        14 19

intergenic 42  0

intron     23  0

promoter    1  0

UTR         0  1



Filled	
  in	
  points	
  =	
  true	
  causal	
  SNPs

Global	
  ranking	
  emphasizes	
  regions	
  

with	
  high	
  effect/LD
Conditional

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)	
  	
  

Posterior:	
  1	
  causal



13x 8x 2x

5x

.1x
.001x

Proportion	
  of	
  1,000	
  Genomes	
  SNPs	
  

in	
  different	
  categories

Proportion	
  of	
  1,000	
  Genomes	
  SNPs	
  that	
  are	
  

causally	
  associated	
  with	
  complex	
  traits	
  

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.

Gusev et	
  al.	
  Regulatory	
  variants	
  explain	
  much	
  more	
  heritability	
  than	
  

coding	
  variants	
  across	
  11	
  common	
  diseases.	
  AJHG	
  2014

Posterior:	
  1	
  causal	
  with	
  different	
  weights

Thousands	
  of	
  loci	
  found	
  by	
  GWAS

• GWAS	
  è >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?

NHGRI	
  GWA	
  Catalog,	
  www.genome.gov/GWAStudies

Fine	
  mapping	
  studies

• Goal:	
  find	
  causal	
  variants	
  at	
  

GWAS	
  associated	
  loci

• Sample	
  size	
  required	
  for	
  

differentiating	
  SNPs	
  in	
  

LD[Udler et	
  al	
  GenEpi 2010]:	
  

– r2(0.3)	
  -­‐>	
  N=3,600	
  (maf=0.3,	
  R=1.2)

– r2(0.8)	
  -­‐>	
  N=12,500	
  (maf=0.3,	
  R=1.2)
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DRAW฀AND฀WHO฀WERE฀NOT฀DIAGNOSED฀WITH฀BREAST฀CANCER฀DURING฀FOLLOW
UP�฀
!LL฀CASES฀AND฀CONTROLS฀WERE฀SELF
DESCRIBED฀AS฀BEING฀OF฀%UROPEAN฀ANCESTRY�฀
7E฀REMOVED฀��฀SAMPLES฀���฀CASES฀AND฀��฀CONTROLS	฀FROM฀THE฀ANALYSIS฀
BECAUSE฀OF฀COMPLETION฀RATES฀OF฀LESS฀THAN฀���฀FOR฀THE฀�������฀3.0S฀THAT฀
PASSED฀QUALITY฀CONTROL�฀7E฀REMOVED฀AN฀ADDITIONAL฀��฀SAMPLES฀��฀CASES฀
AND฀��฀CONTROLS	฀BECAUSE฀OF฀UNCLEAR฀IDENTITY฀�OR฀POSSIBLE฀CONTAMINATION	฀
AND฀REMOVED฀FOUR฀SAMPLES฀�THREE฀CASES฀AND฀ONE฀CONTROL	฀BECAUSE฀OF฀
EVIDENCE฀OF฀INTERCONTINENTAL฀ADMIXTURE฀�3UPPLEMENTARY฀&IG�฀�฀ONLINE	�฀
4HUS�฀WE฀PERFORMED฀'7!฀ANALYSIS฀ON฀�����฀AFFECTED฀INDIVIDUALS฀AND฀
�����฀CONTROLS�

7E฀ANALYZED฀EACH฀LOCUS฀IN฀A฀LOGISTIC฀REGRESSION฀MODEL฀USING฀A฀TWOn
DEGREE฀OF฀FREEDOM฀SCORE฀TEST฀WITH฀INDICATOR฀VARIABLES฀FOR฀HETEROZYGOUS฀
AND฀HOMOZYGOTE฀CARRIERS฀OF฀THE฀VARIANT฀ALLELE฀
�FOR฀ RARE฀ VARIANTS�฀ WE฀ COLLAPSED฀ HETEROZY

GOTE฀ AND฀ HOMOZYGOTE฀ CARRIER฀ CATEGORIES�฀ SEE฀
3UPPLEMENTARY฀-ETHODS฀ONLINE	�฀4HE฀DISTRI

BUTION฀OF฀THE฀OBSERVED฀0฀VALUES฀DOES฀NOT฀SHOW฀0฀VALUES฀DOES฀NOT฀SHOW฀0
ANY฀SUGGESTION฀OF฀DISTORTION฀DUE฀TO฀POPULATION฀
STRATIFICATION฀OR฀OTHER฀SOURCES฀OF฀BIAS฀OR฀DUE฀TO฀
DISTORTION฀OF฀4YPE฀)฀ERROR฀RATES฀�3UPPLEMENTARY฀
&IG�฀�฀ONLINE	�฀7HEN฀WE฀ADJUSTED฀FOR฀MATCHING฀
FACTORS฀AND฀THE฀TOP฀THREE฀PRINCIPAL฀COMPONENTS฀
FROM฀ AN฀ ANALYSIS฀ OF฀ GENETIC฀ COVARIANCE�฀ THE฀
OVERALL฀DISTRIBUTION฀OF฀0฀VALUES฀DID฀NOT฀CHANGE฀0฀VALUES฀DID฀NOT฀CHANGE฀0
SIGNIFICANTLY฀�+OMOLGOROV
3MIRNOV�฀0฀� ����	�฀
!LL฀LOCI฀WITH฀UNADJUSTED฀0฀� �฀¾฀�� �฀MAIN

TAINED฀ THIS฀ LEVEL฀OF฀ SIGNIFICANCE฀AFTER฀ ADJUST

MENT�฀4HIS฀SUGGESTS฀THAT฀THESE฀ASSOCIATIONS฀ARE฀
NOT฀DUE฀TO฀POPULATION฀STRATIFICATION�

4HE฀'7!3฀IDENTIFIED฀SEVERAL฀GENOMIC฀LOCA

TIONS฀AS฀POTENTIALLY฀ASSOCIATED฀WITH฀BREAST฀CAN

CER฀�&IG�฀�	�฀/F฀�������฀3.0S฀TESTED�฀ TWO฀OF฀
THE฀MOST฀SIGNIFICANT฀0฀VALUES฀�RS�������฀AND฀0฀VALUES฀�RS�������฀AND฀0
RS��������฀4ABLE฀�	฀WERE฀IN฀INTRON฀�฀�&IG�฀�	฀
OF฀&'&2��฀ENCODING฀A฀RECEPTOR฀TYROSINE฀KINASE฀
PREVIOUSLY฀SHOWN฀TO฀BE฀ IMPORTANT฀ IN฀MAM

MARY฀GLAND฀DEVELOPMENT฀AND฀NEOPLASIA���฀AN฀
ADDITIONAL฀ TWO฀3.0S฀ IN฀&'&2�฀ �RS��������฀
AND฀ RS�������	฀ WERE฀ AMONG฀ THE฀ ��฀ MOST฀
EXTREME฀0฀VALUES฀FROM฀THE฀UNADJUSTED฀ANALY
0฀VALUES฀FROM฀THE฀UNADJUSTED฀ANALY
0
SIS�฀ -ODELING฀ ALL฀ PAIRWISE฀ COMBINATIONS฀ OF฀
THE฀FOUR฀3.0S฀AND฀THEIR฀INTERACTIONS�฀AS฀WELL฀
AS฀HAPLOTYPES฀OF฀THE฀FOUR฀3.0S�฀SUGGESTED฀THAT฀

ALL฀FOUR฀WERE฀SIMILAR฀WITH฀RESPECT฀TO฀THEIR฀ASSOCIATION฀WITH฀BREAST฀CANCER฀
RISK�฀CONSISTENT฀WITH฀THE฀VERY฀HIGH฀DEGREE฀OF฀ LINKAGE฀DISEQUILIBRIUM฀
�EACH฀PAIRWISE฀$ ฀�฀����฀AND฀R�฀�฀����	�฀.ONE฀OF฀THE฀OTHER฀��฀3.0S฀
AT฀THE฀&'&2�฀LOCUS฀WAS฀IN฀STRONG฀LINKAGE฀DISEQUILIBRIUM฀�R�R�R 	฀WITH฀THE฀
3.0S฀IN฀INTRON฀��฀AND฀NONE฀WAS฀ASSOCIATED฀WITH฀BREAST฀CANCER฀RISK฀�&IG�฀
�	�฀#OMPUTATIONAL฀ANALYSIS฀OF฀HAPLOTYPES฀�SEE฀-ETHODS	฀INDICATED฀FOUR฀
COMMON฀HAPLOTYPES�฀THE฀!!'4฀HAPLOTYPE฀�THE฀MOST฀COMMON฀RISK฀HAP

LOTYPE	฀WAS฀PRESENT฀IN฀�����฀OF฀CHROMOSOMES฀FROM฀AFFECTED฀INDIVIDUALS฀
AND฀�����฀OF฀CONTROL฀CHROMOSOMES฀IN฀THE฀.(3฀�4ABLE฀�	�

4O฀FURTHER฀EXPLORE฀THE฀ASSOCIATION฀SIGNAL฀OBSERVED฀FOR฀&'&2�฀IN฀THE฀
.(3�฀WE฀PERFORMED฀ANALYSES฀USING฀INFERRED฀ANCESTRAL฀RECOMBINATION฀
GRAPHS฀�!2'S	฀�3UPPLEMENTARY฀-ETHODS	�฀4HIS฀INVOLVES฀ESTIMATING฀A฀
SIMPLE฀APPROXIMATION฀TO฀THE฀DISTRIBUTION฀OF฀POSSIBLE฀GENEALOGIES฀RELAT

ING฀THE฀HAPLOTYPES฀OF฀THE฀AFFECTED฀INDIVIDUALS฀AND฀CONTROLS�฀5SING฀THE฀
-ARGARITA฀PROGRAM���฀WE฀INFERRED฀!2'S฀FOR฀��
3.0฀HAPLOTYPES฀SPAN

NING฀&'&2�฀AND฀ITS฀FLANKING฀REGIONS฀�FROM฀POSITION฀���������฀TO฀POSI

TION฀���������฀ON฀.#")฀BUILD���฀AS฀ SHOWN฀IN฀3UPPLEMENTARY฀&IG�฀
�฀ONLINE	�฀&OR฀EVERY฀!2'�฀A฀PUTATIVE฀RISK฀MUTATION฀WAS฀PLACED฀ON฀THE฀
MARGINAL฀GENEALOGY฀AT฀EACH฀3.0฀POSITION฀BY฀MAXIMIZING฀THE฀ASSOCIATION฀
BETWEEN฀THE฀MUTATION฀AND฀DISEASE฀STATUS�฀7E฀EVALUATED฀THE฀SIGNIFICANCE฀
OF฀ THIS฀OBSERVED฀ASSOCIATION฀USING฀A฀MAXIMUM฀OF฀���฀PERMUTATIONS฀
ON฀THE฀PHENOTYPES�฀4HE฀PERMUTATION฀0฀VALUE฀WAS฀CONSISTENTLY฀HIGHER฀0฀VALUE฀WAS฀CONSISTENTLY฀HIGHER฀0
THAN฀����฀OVER฀THE฀ENTIRE฀REGION�฀WITH฀THE฀EXCEPTION฀OF฀THE฀��
KB฀SEG

MENT฀LOCATED฀BETWEEN฀������฀-B฀AND฀������฀-B฀IN฀INTRON฀�฀OF฀&'&2�฀
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&IGURE฀� ฀3UMMARY฀OF฀'7!3฀RESULTS฀BY฀CHROMOSOME�฀!SSOCIATION฀WITH฀
BREAST฀CANCER฀WAS฀DETERMINED฀FOR฀�������฀3.0S฀AMONG฀�����฀WOMEN฀WITH฀
POSTMENOPAUSAL฀BREAST฀CANCER฀AND฀�����฀CONTROLS�฀4HE฀ ฀AXIS฀REPRESENTS฀฀AXIS฀REPRESENTS฀
POSITION฀ON฀EACH฀CHROMOSOME฀FROM฀P฀TERMINUS฀�LEFT	฀TO฀Q฀TERMINUS฀�RIGHT	�฀THE฀
AXIS฀SHOWS฀THE฀ ฀VALUE฀ON฀A฀LOGARITHMIC฀SCALE�฀/NLY฀฀VALUE฀ON฀A฀LOGARITHMIC฀SCALE�฀/NLY฀ ฀VALUES฀�฀��฀VALUES฀�฀�� �฀ARE฀SHOWN�
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&IGURE฀� ฀!SSOCIATION฀ANALYSIS฀OF฀3.0S฀ACROSS฀ �฀4HE฀UPPER฀PANEL฀SHOWS฀ ฀VALUES฀FOR฀ASSOCIATION฀฀VALUES฀FOR฀ASSOCIATION฀
TESTING฀DRAWN฀FROM฀THE฀'7!3฀COVERING฀ ฀AND฀���฀KB฀�฀AND฀���฀KB฀� ฀UPSTREAM฀OF฀IT�฀4HE฀ANALYSIS฀WAS฀BASED฀ON฀
THE฀TWOnDEGREE฀OF฀FREEDOM฀TEST฀CORRECTED฀FOR฀AGE฀AND฀THE฀THREE฀FIRST฀PRINCIPAL฀COMPONENTS฀OF฀POPULATION฀
STRATIFICATION฀�3UPPLEMENTARY฀-ETHODS	�฀4HE฀LOWER฀PANEL฀SHOWS฀ESTIMATES฀OF฀THE฀SQUARE฀OF฀THE฀
CORRELATION฀COEFFICIENT฀� ��	฀CALCULATED฀FOR฀EACH฀PAIRWISE฀COMPARISON฀OF฀3.0S�฀4HE฀LOG��� ��	฀VALUES฀ARE฀
COLOR฀CODED฀ACCORDING฀TO฀THE฀SCALE฀AT฀THE฀RIGHT�฀4HE฀FOUR฀FILLED฀BLACK฀DIAMONDS฀INDICATE฀THE฀FOUR฀3.0S฀
MOST฀STRONGLY฀ASSOCIATED฀WITH฀BREAST฀CANCER฀RISK�

[Hunter	
  et	
  al	
  NG	
  2007]

FGFR2	
  locus	
  ,	
  Breast	
  Cancer

Large sample sizes required for fine mapping!



An	
  optimization	
  approach	
  to	
  fine-­‐mapping

• 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	
  è 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 è 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	
  
haplotypes

• Block-­‐like	
  correlation	
  
structure	
  across	
  the	
  
human	
  genome

Barret	
  et	
  al.	
  Bioinformatics 2005



Only	
  need	
  to	
  measure	
  a	
  subset	
  of	
  the	
  markers	
  for	
  

effective	
  GWAS!

• Neighboring	
  SNPs	
  are	
  
inherited	
  together	
  on	
  
haplotypes

• Block-­‐like	
  correlation	
  
structure	
  across	
  the	
  
human	
  genome

• Fill	
  in	
  the	
  rest	
  through	
  
imputation	
  

Marchini et	
  al.	
  Nat	
  Rev	
  Genet 2010

Groups	
  of	
  neighboring	
  variants	
  will	
  display	
  significant	
  

associations	
  due	
  to	
  LD

Fine	
  mapping	
  aims	
  to	
  figure	
  which	
  variants	
  are	
  

responsible	
  for	
  the	
  observed	
  association	
  	
  à
biologically	
  functional	
  

Basic	
  linear	
  model	
  for	
  trait

1  1  2  1  1  1  0  0  1 
0  2  2  0  1  2  2  0  1  
0  0  0  1  0  0  2  1  0
1  2  0  0  1  1  2  2  1
2  1  2  2  1  0  2  0  0
1  0  2  2  1  2  1  0  1
2  2  0  2  0  1  0  0  0 C
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   + 	
  	
  	
  𝜖
[n,1] [n,m]                             [m,1]                  

[n,1]

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



GWAS	
  effect	
  size	
  at	
  SNP	
  i:

𝜷𝑮𝑾𝑨𝑺,𝒊0 =
1

𝑛
𝑋3𝑦 =

1

𝑛
𝑋3 𝑋4⋯𝑋6 𝛽 + 𝜖 	
  

=
1

𝑛
𝑋3𝑋4⋯

1

𝑛
𝑋3𝑋6 𝛽 +

1

𝑛
𝑋3𝜖

= 𝚺𝐣9𝟏	
  
𝐩

𝐫𝐢𝐣𝜷𝒋 +
𝟏

𝒏
𝑿𝒊𝝐

Or	
  in	
  matrix	
  notation:

𝜷𝑮𝑾𝑨𝑺
0 =𝑴𝑽𝑵(𝑽𝜷,

𝑽 𝟏F𝒉𝒈
𝟐

𝒏
)

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

GWAS	
  marginal	
  effect	
  is	
  biased	
  due	
  to	
  LD
LD	
  induces	
  correlations	
  between	
  causal	
  and	
  non-­‐

causal	
  SNPs

(strong)	
  LD

λ

SNP	
  

1

SNP	
  2

“True”	
  Causal	
  Effects

LD	
  induces	
  correlations	
  between	
  causal	
  and	
  non-­‐

causal	
  SNPs

“True”	
  Causal	
  Effects

Observed	
  GWAS	
  Effects

(strong)	
  LD

λ

SNP	
  

1

SNP	
  2

𝑍

SNP	
  

1

SNP	
  2

Given	
  the	
  correlation	
  structure	
  and	
  association	
  

strength,	
  quantify	
  the	
  probability that	
  SNPs	
  explain	
  the	
  
signal

“True”	
  Causal	
  Effects

Observed	
  GWAS	
  Effects

𝑃 𝐶	
   	
  𝑍, 𝐿𝐷)	
  

SNP	
  1 SNP	
  2

1

0

(strong)	
  LD

λ

SNP	
  

1

SNP	
  2

𝑍

SNP	
  1 SNP	
  2

Fine	
  Mapping

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
• causal	
  variant	
  is	
  typed

•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

P(c | s ) =
P(s | c)P(c)

P(c)

Allowing	
  for	
  multiple	
  causals	
  improves	
  
accuracy

• Causal	
  status	
  vector	
  è C = {c1, c2, · · · cm}

P (C|S) =
P (S|C)P (C)

P (S)

Z-­‐score	
  (Known)

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

Causal	
  status	
  (Unknown)

S ∼ MVN(λcΣC,Σ)

• Use	
  Bayes	
  to	
  compute	
  probability	
  of	
  each	
  vector	
  

• Model	
  for	
  association	
  statistics

Allowing	
  for	
  multiple	
  causals	
  improves	
  
accuracy

[Hormozdiari et	
  al.	
  Genetics	
  2014]
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2	
  Causal 3	
  Causal

Probabilistic	
  models	
  provide	
  a	
  principled	
  way	
  to	
  

incorporate	
  prior	
  biological	
  knowledge	
  

𝑃 𝐶 𝐴)

Coding IntergenicDHS



Probabilistic	
  models	
  provide	
  a	
  principled	
  way	
  to	
  

incorporate	
  prior	
  biological	
  knowledge	
  

𝑃 𝐶 𝐴)

Coding IntergenicDHS

(strong)	
  LD

λ

𝑍

SNP	
  1 SNP	
  2

SNP	
  1 SNP	
  2

Probabilistic	
  models	
  provide	
  a	
  principled	
  way	
  to	
  

incorporate	
  prior	
  biological	
  knowledge	
  

𝑃 𝐶 𝐴)

Coding IntergenicDHS

Fine	
  Mapping

𝑃 𝐶	
   	
  𝑍, 𝐿𝐷)	
  

SNP	
  1 SNP	
  2

1

0

(strong)	
  LD

λ

𝑍

SNP	
  

1

SNP	
  2

𝑃 𝐶	
   	
  𝑍, 𝐿𝐷, 𝐴)	
  

SNP	
  1 SNP	
  2

1

0

SNP	
  

1

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)

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



(2)	
  Functional	
  enrichment

• Question:

• Is	
  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:

• Is	
  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:

• Is	
  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)
n	
  Individuals: …

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

Functional	
  elements	
  

(enhancers,	
  coding	
  etc..)

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

2x

5x

0.6x



Example	
  of	
  functional	
  enrichment

• Finucane	
  et	
  al	
  Nat	
  Genet	
  2016

Top	
  H3k27ac	
  marks	
  enriched	
  in	
  Prostate	
  Cancer	
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[Gusev et	
  al	
  NatComm 2016]

How do we put all together

STATISTICAL FINE-MAPING

OUTPUT
• Probability of each SNP to be 

causal
• (optional: functional enrichment)

INPUT:
• Functional classes of SNPs (e.g., 

RoaMap/ENCODE)
• GWAS output (p-values for all 

SNPs)
• LD patterns (correlation structure 

among SNPs)



Combining	
  this	
  into	
  a	
  Bayesian	
  Hierarchical	
  Model:	
  

Big	
  Picture	
  Schematic

Functional	
  Annotation	
  

Effects

Causal	
  SNP(s)

Causal	
  Effects

GWAS	
  Effects

LD

Roadmap/ENCODE

Observed

Estimated

*

Combining	
  this	
  into	
  a	
  Bayesian	
  Hierarchical	
  Model:	
  

Big	
  Picture	
  Schematic

Functional	
  Annotation	
  

Effects

Causal	
  SNP(s)

Causal	
  Effects

GWAS	
  Effects

LD

Roadmap/ENCODE

Observed

Estimated

*

P (Cj = 1 | γ,A) =
exp(γ0

A
j)

1 + exp(γ0Aj)

P (C | γ,A) =

m
Y

j=1

P (Cj | γ,A)C
j �

1− P (Cj | γ,A)
�1�Cj
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Hormozdiari et	
  al.	
  Genetics 2014;

Chen	
  et	
  al.	
  Genetics 2015
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Model:	
  visual	
  representation

Associa'on)

Sta's'cs)

Linkage)

Disequilibrium)

Casual))

Variants)

Func'onal)

Annota'on)

Input)

Output)

PAINTOR;	
  RIVIERA;	
  CAVIARBF;FINEMAP	
  etc…

Locus	
  1

Association	
  

statistics

(z-­‐scores)

LD	
  structure

Functional	
  

annotation

Locus	
  1 Locus	
  2

Association	
  

statistics

(z-­‐scores)

LD	
  structure

Functional	
  

annotation

Causal/non-­‐

causal	
  SNPs

Statistical	
  Model	
  (N-­‐SNPs,	
  M	
  functional	
  
classes)

C:	
  N-­‐size	
  vector	
  0/1

indicating	
  causal	
  status

A:	
  NxM matrix	
  of	
  0/1	
  

indicating	
  annotation	
  

membership	
  for	
  every	
  

SNP

P (Cj ; γ) =
Y

i

P (cij ; γ)

P (cij ; γ) = (
1

1 + exp(γTAij)
)cij (

1

1 + exp(�γTAij)
)1�cij

�

P (Zj |Cj ;λj) = N (Zj ;Σj(λj � Cj),Σj) (p.d.f of multivariant normal)

Z:	
  N-­‐size	
  vector	
  of	
  observed

Association	
  statistics



Statistical	
  Model	
  (N-­‐SNPs,	
  M	
  functional	
  
classes)

C:	
  N-­‐size	
  vector	
  0/1

indicating	
  causal	
  status

A:	
  NxM matrix	
  of	
  0/1	
  

indicating	
  annotation	
  

membership	
  for	
  every	
  

SNP

P (Cj ; γ) =
Y

i

P (cij ; γ)

P (cij ; γ) = (
1

1 + exp(γTAij)
)cij (

1

1 + exp(�γTAij)
)1�cij

�

P (Zj |Cj ;λj) = N (Zj ;Σj(λj � Cj),Σj) (p.d.f of multivariant normal)

Z:	
  N-­‐size	
  vector	
  of	
  observed

Association	
  statistics

γ:	
  effect	
  of	
  annotation	
  on	
  

probability	
  of	
  SNP	
  to	
  be	
  

causal

λj:	
  effect	
  size	
  of	
  SNP	
  j

Σi:	
  LD	
  at	
  locus	
  i

Getting	
  output	
  from	
  statistical	
  model:	
  Bayes	
  

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

• Iterative	
  procedure	
  to	
  estimate	
  annotation	
  effects	
  across	
  all	
  fine	
  
mapping	
  loci using	
  Maximum	
  Likelihood	
  and	
  EM.	
  

P (C | Z,Σ,A, γ) =
N (0,Σ+ΣΣCΣ)P (C | A, γ)

P
C∈C

N (0,Σ+ΣΣCΣ)P (C | A, γ)
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Practical considerations

Fine-­‐mapping	
  credible	
  sets	
  are	
  miscalibrated

when	
  assuming	
  a	
  single	
  causal	
  variant.	
  

Causal	
  

Assump.
Method

Functional	
  

Annotations

Causals	
  

Identified

90%	
  Credible

Set	
  Size

Single Maller et al.	
   None 64.2% 265.0

Multiple CAVIAR None 91.9% 510.3

Maller et	
  al.	
  Nat	
  Gen	
  2012;	
  

Hormozdiari et	
  al.	
  Genetics 2014;

90%	
  credible	
  set	
  =	
  set	
  of	
  SNPs	
  that	
  consume	
  90%	
  of	
  

the	
  total	
  posterior	
  probability	
  mass



Leveraging	
  functional	
  enrichment	
  improves	
  fine-­‐

mapping	
  resolution

Causal	
  

Assump.
Method

Functional	
  

Annotations

Causals	
  

Identified

90%	
  Credible

Set	
  Size

Single Maller et al.	
   None 64.2% 265.0

Multiple CAVIAR None 91.9% 510.3

Multiple PAINTOR Included 91.2% 393.7

90%	
  credible	
  set	
  =	
  set	
  of	
  SNPs	
  that	
  consume	
  90%	
  of	
  

the	
  total	
  posterior	
  probability	
  mass

up	
  to	
  ~30%	
  

improvement

Maller et	
  al.	
  Nat	
  Gen	
  2012;	
  

Hormozdiari et	
  al.	
  Genetics 2014;

Kichaev	
  et	
  al.	
  Plos Genetics	
  2014

Statistical	
  fine-­‐mapping	
  identifies	
  bona-­‐fide	
  causal	
  

variants

“Bayesian	
  fine-­‐mapping	
  with	
  PAINTOR	
  strongly	
  supported	
  following	
  up	
  the	
  

missense	
  variant.	
  The	
  two	
  variants	
  in	
  the	
  region	
  with	
  the	
  highest	
  posterior	
  

probability	
  (PP)	
  of	
  being	
  causal	
  were	
  rs373863828 (PP	
  =	
  0.80)	
  and	
  

rs150207780	
  (PP	
  =	
  0.22);	
  when	
  Encyclopedia	
  of	
  DNA	
  Elements	
  (ENCODE)	
  

functional	
  annotation	
  was	
  included,	
  these	
  probabilities	
  increased	
  to	
  0.92	
  

and	
  0.34,	
  respectively ”

A thrifty variant in CREBRF strongly influences body 
mass index in Samoans

Ryan L Minster1,13, Nicola L Hawley2,13, Chi-Ting Su1,12,13, Guangyun Sun3,13, Erin E Kershaw4, Hong Cheng3, 
Olive D Buhule5,12, Jerome Lin1, Muagututi‘a Sefuiva Reupena6, Satupa‘itea Viali7, John Tuitele8, Take Naseri9, 
Zsolt Urban1,14, Ranjan Deka3,14, Daniel E Weeks1,5,14 & Stephen T McGarvey10,11,14

LETTERS

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

Divergent	
  population	
  histories	
  give	
  rise	
  to	
  unique	
  

genetic	
  backgrounds

Allele	
  Frequencies

LD	
  Patterns



GWAS	
  loci	
  tend	
  to	
  replicate	
  in	
  non-­‐European	
  

populations	
  à shared	
  causal	
  variants

see	
  also:	
  Marigorta et	
  al.	
  Plos Genet.	
  2013	
  

Zaitlen et	
  al.	
  Am	
  J	
  Hum	
  Genet. 2011,	
  PAGE	
  

consortium	
  Nature	
  2019

Liu	
  et	
  al.	
  Nat	
  Genet	
  2015

Odds	
  Ratio	
  in	
  Europeans

O
d
d
s	
  
R
a
ti
o
	
  i
n
	
  E
a
st
	
  A
si
a
n
s

Leveraging	
  genetic	
  diversity	
  to	
  improve	
  fine-­‐mapping

strong	
  LD
weak	
  LD

𝑍R

SNP	
  

1

SNP	
  2

European	
  

Leveraging	
  genetic	
  diversity	
  to	
  improve	
  fine-­‐mapping

Fine	
  Mapping

𝑃 𝐶	
   	
  𝑍R , 𝐿𝐷R)	
  

SNP	
  1 SNP	
  2

1

0

European	
  

strong	
  LD
weak	
  LD

𝑍R

SNP	
  

1

SNP	
  2

Leveraging	
  genetic	
  diversity	
  to	
  improve	
  fine-­‐mapping

strong	
  LD
weak	
  LD

𝑍R

SNP	
  

1

SNP	
  2

SNP	
  

1

SNP	
  2

𝑍S

European	
  

Asian



Leveraging	
  genetic	
  diversity	
  to	
  improve	
  fine-­‐mapping

strong	
  LD
weak	
  LD

𝑍R

SNP	
  

1

SNP	
  2

SNP	
  

1

SNP	
  2

𝑍S

Fine	
  Mapping

𝑃 𝐶	
   	
  𝑍R , 𝐿𝐷R)	
  

SNP	
  1 SNP	
  2

1

0

SNP	
  1 SNP	
  2

1

0

European	
  

Asian

𝑃 𝐶	
   	
  𝑍R , 𝑍S , 𝑳𝑫𝒆, 𝑳𝑫𝒂)	
  

Leveraging	
  genetic	
  diversity and	
  functional	
  annotations

to	
  improve	
  fine-­‐mapping
strong	
  LD
weak	
  LD

𝑍R

SNP	
  

1

SNP	
  2

SNP	
  2

𝑍S

Fine	
  Mapping

𝑃 𝐶	
   	
  𝑍R , 𝐿𝐷R)	
  

SNP	
  1 SNP	
  2

1

0

SNP	
  1 SNP	
  2

1

0

SNP	
  

1

European	
  

Asian

𝑃 𝐶	
   	
  𝑍R , 𝑍S , 𝑳𝑫𝒆, 𝑳𝑫𝒂, 𝑨)	
  

MULTI-ETHNIC STATISTICAL FINE-
MAPING

OUTPUT
• Probability of each SNP to be 

causal
• (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)

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

)

Integrating	
  functional	
  annotation	
  data	
  in	
  trans-­‐ethnic	
  
fine-­‐mapping

Europeans Asian

…

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



Observed

Estimated

Functional	
  Annotation	
  

Effects

Causal	
  SNP(s)

Causal	
  Effects	
  Pop	
  1 Causal	
  Effects	
  Pop	
  2 Causal	
  Effects	
  Pop	
  P

GWAS	
  Effect	
  Pop	
  1 GWAS	
  Effect	
  Pop	
  2 GWAS	
  Effect	
  Pop	
  P

LD	
  Pop	
  1

Roadmap/ENCODE

…

…

LD	
  Pop	
  2 LD	
  Pop P

Generalizing	
  integrative	
  fine-­‐mapping	
  from	
  a	
  single	
  
population

Z1 · · ·ZP | Σ1 · · ·ΣP ,C,A ∼

 

P
Y

p=1

N (0,Σp +ΣpΣCΣp)

!

P (C | A)
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Data
No	
  

Annotations

With

Annotations

Asian 35.2 31.9	
  

European 32.0 28.7

Meta	
  analysis 28.5 25.0

Asian,	
  European 24.0 21.7

Trans-­‐ethnic	
  fine-­‐mapping	
  reduces	
  the	
  size	
  of	
  the	
  

credible	
  causal	
  sets

Final	
  Annotations	
  selected	
  by	
  model:

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

Immune	
  Enhancers,	
  Exonic regions	
  

LETTER
doi:10.1038/nature12873

Genetics of rheumatoid arthritis contributes to
biology and drug discovery
A list of authors and their affiliations appears at the end of the paper

N	
  Europeans	
  ≈	
  68K

N	
  Asians	
  ≈	
  36K

Single	
  Population	
  

Multi	
  Population	
  

Average	
  Size	
  of	
  90%	
  credible	
  set	
  

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

Example	
  of	
  multi-­‐ethnic	
  fine-­‐mapping

Wojcik	
  et	
  al	
  Nature	
  2019



GWAS	
  Marginal	
  

Summary	
  Statistics	
  

Linkage	
  Disequilibrium	
  

Reference	
  Panel

Functional	
  

Annotation
+ +

(2)	
  Estimate	
  SNP	
  

Probabilities	
  of	
  Causality

(1)	
  Find	
  functional	
  

annotations	
  of	
  interest

PAINTOR/Susie

(or	
  many	
  others)

LD	
  Score	
  Regression

(or	
  many	
  others)

Big	
  picture Questions

RECAP

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

Identify	
  functional	
  elements	
  of	
  interest	
  	
  

(hippocampal	
  volume)	
  Hibar et	
  al	
  Nat	
  Comm 2017	
  



Prioritize	
  genetic	
  variants	
  likely	
  to	
  be	
  

biologically	
  causal

Schaid et	
  al	
  Nat	
  Rev	
  Genet	
  2018

Questions

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

… ACTGACATGCAACTA …

… ACAGGAATGCAACTA …

… ACTGAAATGCAACTA …

… ACTGAAATGCAACTA …

…

…

…

…

…

…

… ACTGAAATGCCAAAA …

… TCTGGACTCCAACTA …

… ACAGATACCCAGCAA …

… AGTGAACTGCCACTA …

0

1

…

…

…

…

…

1

1

1

0

1
N

 >
 1

0
0
,0

0
0

GWAS

eQTL

…

…

…

…

… 0.1, 0.9, …

… 0.3, 0.2, …

… 0.1, -0.3, …

… 0.3, 0.2, …

… 0.1, 0.9, …

TWASGene 
Expression 
Imputation

Genotype data TraitGene Expression



TWAS example

Mancuso	
  et	
  al.	
  Nat	
  Comm	
  2018

Are all TWAS significant genes causal?

Confounders

Complex	
  TraitGene	
  expressionInstrument	
  

(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

TWAS = Mendelian Randomization under strong 
assumptions

Wainberg et	
  al.	
  2019	
  Nat	
  Genet

non-causal TWAS associations due to co-
regulation

co-­‐expression co-­‐regulation



Wainberg et	
  al.	
  2019	
  Nat	
  Genet

non-causal TWAS associations due to tagging

false-­‐negative	
  QTLfalse-­‐positive	
  QTL

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

But we really want causal genes…

Probabilistic fine-mapping of TWAS

Mancuso	
  et	
  al.	
  2019	
  Nat	
  Genet

GWAS:	
  Fine-­‐mapping	
  

multiple	
  associated	
  

SNPs	
  in	
  LD	
  at	
  a	
  locus

predicted	
  expression	
  LD



Probabilistic fine-mapping of TWAS

Mancuso	
  et	
  al.	
  2019	
  Nat	
  Genet

predicted

expression

LD

GWAS:	
  Fine-­‐mapping	
  

multiple	
  associated	
  SNPs	
  in	
  

LD	
  at	
  a	
  locus

TWAS:	
  Fine-­‐mapping	
  

multiple	
  gene	
  models	
  è

posterior	
  probability	
  for	
  

each	
  gene	
  è credible	
  sets	
  

(FOCUS)

Example of TWAS fine-mapping 

Mancuso	
  et	
  al.	
  2019	
  Nat	
  Genet

FOCUS

FOCUS accurately identifies credible genes

Mancuso	
  et	
  al.	
  2019	
  Nat	
  Genet

Performance	
  in	
  real	
  data

1.5	
  genes	
  on	
  average	
  in	
  the	
  95%	
  credible	
  set

Performance	
  in	
  simulation

Questions



Unbiased estimation of enrichment of causal variants 
in simulations

Hapgen

simulations	
  

100	
  loci	
  10Kb

Europeans	
  100G

h2=0.25

N=5,000

[Kichaev et	
  al.	
  Plos Genetics	
  2014]
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Functional data improves fine-mapping accuracy

[Kichaev et	
  al.	
  Plos Genetics	
  2014]
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Functional data improves fine-mapping accuracy

Loci	
  with	
  1	
  causal	
   Loci	
  with	
  >1	
  causal	
  

[Kichaev et	
  al.	
  Plos Genetics	
  2014]
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How many variants to functionally test  to find 
causal variants?

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

p-­‐value 5.7	
  (369.5) 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

p-­‐value 5.7	
  (369.5) 12.3	
  (796.9)

Probabilities (single	
  causal	
  per	
  locus)	
  (Maller et	
  

al	
  NG’12)

2.7	
  (172.4) 25.0	
  (1616.1)

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

p-­‐value 5.7	
  (369.5) 12.3	
  (796.9)

Probabilities (single	
  causal	
  per	
  locus)	
  (Maller et	
  

al	
  NG’12)

2.7	
  (172.4) 25.0	
  (1616.1)

PAINTOR

(multiple causals)

1.7	
  (108.9) 11.4	
  (734.4)

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

p-­‐value 5.7	
  (369.5) 12.3	
  (796.9)

Probabilities (single	
  causal	
  per	
  locus)	
  (Maller et	
  

al	
  NG’12)

2.7	
  (172.4) 25.0	
  (1616.1)

PAINTOR

(multiple causals)

1.7	
  (108.9) 11.4	
  (734.4)

PAINTOR

(multiple causals;	
  with	
  ENCODE)

1.2	
  (78.7) 9.7	
  (625.6)

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

p-­‐value 5.7	
  (369.5) 12.3	
  (796.9)

Probabilities (single	
  causal	
  per	
  locus)	
  (Maller et	
  

al	
  NG’12)

2.7	
  (172.4) 25.0	
  (1616.1)

PAINTOR

(multiple causals)

1.7	
  (108.9) 11.4	
  (734.4)

PAINTOR

(multiple causals;	
  with	
  ENCODE)

1.2	
  (78.7) 9.7	
  (625.6)

PAINTOR*

(multiple	
  causals;	
  true	
  ENCODE	
  prior)

1.2	
  (77.9) 9.4	
  (610.6)

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

90%

Maller et al. - 63.2 325.5

PAINTOR - 90.1 569.4

PAINTOR + 89.9 461.0

95%

Maller et al. - 68.8 409.8

PAINTOR - 95.8 741.4

PAINTOR + 95.6 628.8

99%

Maller et al. - 76.7 579.4

PAINTOR - 101.5 1118.9

PAINTOR + 101.6 1001.8

[Kichaev et	
  al.	
  Plos Genetics	
  2014]

Assuming 1 causal per locus yields 
miss-calibrated causal sets

Causal Set Method Annotations # Causals # SNPs

90%

Maller et al. - 63.2 325.5

PAINTOR - 90.1 569.4

PAINTOR + 89.9 461.0

95%

Maller et al. - 68.8 409.8

PAINTOR - 95.8 741.4

PAINTOR + 95.6 628.8

99%

Maller et al. - 76.7 579.4

PAINTOR - 101.5 1118.9

PAINTOR + 101.6 1001.8

[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 èthe benefit of finding a causal outweighs 10 times the cost of testing 1 SNP 

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
[Kichaev et	
  al.	
  Plos Genetics	
  2014]
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How many SNPs to follow-up?

• Thresholding on posterior probability of causality gives a principled 
way of maximizing utility.

[Kichaev et	
  al.	
  Plos Genetics	
  2014]
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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


