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Statistical Models
¥ Multiple linear regression

Mi: y=XB+¢€
® Simple linear regression
My : y = Xjaj+ 6;

¥ R: correlation between {X;}

Research Question

@ Statistics: ,
estimated {a;} + estimated R ~ inference of 3
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Statistical Models Genetic Data

¥ Multiple linear regression y: phenotype (e.g. height)
M y=XB+e X: (centred) genotype
) ) ) Xj: genotype of SNP j
® Simple linear regression
R: linkage disequilibrium (LD)

M2y =Xjaj + 6 M1: multiple-SNP model

¥ R: correlation between {X;} M5: single-SNP model
Research Question
¥ Statistics:

estimated {a;} + estimated R v inference of 3

¥ Genetics: )
single-SNP summary statistics + LD -~ multiple-SNP analyses
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Why do we consider multiple-SNP model?

Single-SNP analyses are routine in GWAS.

Benefits of multiple-SNP analyses
. . . Ad\fanmf_. 'u_) Statism?:ll
¥ Allow for multiple causal variants in LD e

¥ Increase the power to detect associations
¥ Improve the estimation of heritability
9

Recent surveys:
Chapter 9 (Sabatti, 2013)
Chapter 11 (Guan and Wang, 2013)

Few GWAS are analyzed with multiple-SNP model!

¥ Computationally challenging for large datasets

¥ Require individual-level data that can be hard to obtain
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Why do we conS|der single-SNP summary data7
Single-SNP GWAS summary statistics {Bj, oj } are widely available.

B = XXXy
67 = (nX]X) Ty = XiB)Ty — XiB)
nature

genetlcs

Asking for more

Because of the usefulness of genome-wide association study (GWAS) data for mapping regulatory variation in

the human genome, the journal now asks authors to report the co-location of trait-associated variants with gene
regulatory elements identified by epigenetic, functional and conservation criteria. We also ask that authors publish
or database the genotype frequencies or association P values for all SNPs investigated, whether or not they reached
genome-wide significance.

Survey of GWAS summary statistics:
Page 4-12 of Alkes Price’s slides [link] at ASHG 2015
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How do we perform multiple-SNP analyses

using single-SNP summary data?

Bayesian inference for the multiple regression coefficients 3:

p(BlIndividual Data) o p(Individual Data|B) - p(B)

p(B|Summary Data) o p(Summary Datal|gB)-p(B)
—~—
Posterior Likelihood Prior

References

Our proposed solution

1. Develop a new likelihood of 8 based on summary data

2. Borrow an old prior of 8 from previous work

3. Combine the new likelihood with the old prior via Bayes’ Law
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Individual-level data {X, y} generated as follows:
® X (ith row of X) "~ x, E(x) =0, Var(x) = diag(ox) - R - diag(ox)

9 yi=XiB+Ei € L. €, E(e)=0, Var(e) =171; Val’()/i):‘ji

Regression with Summary Statistics (RSS) Likelihood
Lrss(ﬁ;ﬁ, S, ﬁ) = N(B\; SR51B, §§§)

¥ multiple-SNP parameter: g :=(B1,...,0p)T

~

¥ single-SNP summary data: 8:= (81,...,Bp)T

9 S:=diag(s), 5:=(51,....5p)7. § = 1/(nx}xj)—lyTy = ,/aj? +n1B%;

® R: the shrinkage estimate of LD matrix (Wen and Stephens, 2010)
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Obtain the asymptotic distribution of g

Let F:= gydiag™*(0x) and £ := F(R+ A(c
JA(B—FRF1B) S N(O, 5),

where ¢ :=R71FB, A(c) is continuous and A(c) = O(max; c?).

J

Ignore the complicated term A(c)
Let S:=n~Y2F. For each B € RP,

log N(B; SRS™B, SRS) — log N(B; FRF~1B,n™1x) = Op(maxjcjz).

Plug in the estimates for {S, R}

Lrss(B: B, S, R) := N(B; SRS, SRS)
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RSS performs comparably to methods that

require individual-level data.

True PVE: 0.2 T=1000, PVE=0.2
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¥ Simulation: real genotypes of 13K SNPs from two control groups in
Wellcome Trust Case Control Consortium (2007)

¥ Methods: BVSR (Guan and Stephens, 2011); BSLMM (Zhou et al., 2013)
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We use RSS to estimate SNP heritability of adult
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height (Wood et al., 2014).
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RSS on the summary data (# of SNPs 1.1M; sample size 253K):
52.1%, [50.3%, 53.9%]

LMM on the full data (# of SNPs 1.1M; sample size 6K):
49.8%, [41.2%, 58.4%]
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We use RSS to detect multiple-SNP assouatmns.

We assess the genetic associations at the level of region (locus).

ENS(region) : Z/ereglon r(Bj # 0IB.5, R)
Replicate previous GWAS hits:
¥ Estimate ENS of the region of £40-kb around each SNP
¥ Total hits: 531/697 ENS > 1

¥ Analyzed hits: 379/384 ENS > 1
Identify putatively novel loci:

@ Estimate ENS for £40-kb windows across the whole genome
® 5194 regions with ENS > 1

¥ 2138 of them are at least 1 Mb away from any of 697 hits

¥ Examples genes: WWOX and ALX1
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References

RSS opens the door to various applications.

RSS Likelihood + Old/New Prior -~ New Inference

Example 1 (Old Prior): gene set enrichment analysis

Let aj := 1{SNPj is in the gene set}.

Bj ~ (1 —mj)6o0 + mN(0, 02), logit(m) = 6o + 4.

This extends Carbonetto and Stephens (2013) to analyze GWAS summary data. More
details will be presented at ASHG 2016 (Abstract # 1601200613).

Example 2 (New Prior): partition heritability by annotations

Let fj ; be the annotation of SNP j w.r.t. the category g.
J.9
G
Bj~N(0,0?), log(0?) =wo+ X5 wfig

This is an ongoing project in collaboration with David Golan at Jonathan Pritchard Lab.
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RSS can be misspecified when summary data

are generated from different individuals.

B = Cie ) e Xivi) 5 = (il - iy xg ) iey? ) i € In]

R should be adjusted by the sample overlap.

Let H = (Hj), Hjj:== (Ilil - 1l;)~%(n - llinlj]). If H does not depend on n,

JR(B* —FRF18) S N(0, Ho ¥)
where Ho ¥ is the Hadamard product of H and %, (H o X);; = Hjj¥%j.

S should be adjusted by the difference in sample sizes.

If n_llljl does not depend on n for all j € [p],

/(85— /n1iil-87) 5 0.
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Thank you!

@ Preprint: https://dx.doi.org/10.1101/042457
® Software: https://github.com/stephenslab/rss

¥ Contact: xiangzhu[at]uchicago[dot]edu
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