Genetic association models are robust to common population kinship estimation biases
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Abstract

 Background: commonly kinship estimators can have severe biases.

« Results: kinship matrices of different bias types result in equal association
statistics and performance in simulations and 1000 Genomes.

* Intercept and relatedness (PCs in Principal Component Analysis (PCA),
random effect in Linear Mixed-effects Models (LMM) ) coefficients compensate
for the kinship bias.

Model
x;; € {0,1,2}: genotype of ind. j, biallelic SNP i.

p;: ancestral allele frequency. ¢;;: kinship coefficient
Elx;] = 2p;1,  Cov(x;) = 4p;(1 — p))P

where x; = (x;;) Is the length-n column vector of genotypes at locus i, ® = (¢;;) is
the n X n kinship matrix, and 1 is a length-n column vector of ones [1].

Kinship estimators
Standard estimator

Ratio-of-means (ROM) [1,2]:
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Association models
y=1a + x;8; + s + €, s~Normal(0, 20 ®)
y=1la+x;; + Uy, + € ® = UAUT

LMM [3,4]:
PCA [3,4]:

Empirical analysis using 1000 Genomes
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Figure 1: Kinship estimates on 1000 Genomes
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Figure 4: Visualization of PC shift due to kinship biases
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Proof of association invariability to common kinship biases
For standard kinship estimator:

1 1
=1-35 CPC, where C =1 — - 117" is center matrix.

In LMM model, kinship bias compensated by intercept:
s’ = CS~Normal(O, Za’zd)’),

(I)’

Yy = 1a’ +xl-,[>’l-+s’ + €,
0'* = (1-@)a?,
Similarly, in PCA model:

s' =s—15, a' =a+s, s~Normal(0, 02 p)

U’d ~ CUd
Yy = 1a’ + xl-,Bl- + U,dy’d + €,
UusVa=Uazvqa —1Uuy4,

!

Y 4 =VYa a'=a+Ugyq
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