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Abstract

Understanding the genetic underpinnings of disease
is important for screening, treatment, drug develop-
ment, and basic biological insight. One way of getting
at such an understanding is to find out which parts
of our DNA, such as single-nucleotide polymorphisms
(SNPs), affect particular intermediary processes such
as gene expression. Naively, such associations can be
identified using a simple statistical test on all paired
combinations of genetic variants and gene transcripts.
However, a wide variety of confounders lie hidden in
the data, leading to both spurious associations and
missed associations if not properly addressed. We
present a statistical model that jointly corrects for two
particular kinds of hidden structure: genetic or pop-
ulation structure (e.g., race, family-relatedness), and
microarray expression artifacts (e.g., batch effects),
when these confounders are unknown. Applying our
method to both real and synthetic, human and mouse
data, we demonstrate the need for such a joint cor-
rection of confounders, and also the disadvantages of
other possible approaches based on those in the cur-
rent literature.

Our approach uses a linear mized-effects model de-
picted in Figure 1. Variable yf], the expression level
of gene probe g for individual ¢, is a linear function of
(1) the fized effects ¥ consisting of one or more SNPs,
covariates for that individual, and a bias/offset term,
(2) a random effect (i.e., hidden variable) u,, which can
be thought of as where that individual lies in a one-
dimension confounder space, and (3) Gaussian noise.
In particular,

y; ~ N(F 8, + Tgu;, US).

The hidden variables %, have a normal distribution
with covariance K, where K;; is some measure of sim-
ilarity between individuals ¢ and j. Because we address
confounding from both genetic structure and expres-
sion artifacts, we define K to be a mixture of similari-
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ties, one based on the SNPs of the individuals, and one
based on the gene expressions of those individuals. Im-
portantly, these similarities are shared across all gene
probes, allowing us to learn K via (e.g.) maximum
likelihood.

Our software is available from
http://www.microsoft.com/science. ~ The full pa-
per is available as Listgarten et al. (2010).

Figure 1: Our linear mixed-effects model. The shaded
nodes are observed. Not shown is the mixing weight
for the two components of K, which can depend on
gene probe.
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