Submitted to the Annals of Applied Statistics

SUPPLEMENT TO “FEATURE SELECTION FOR
GENERALIZED VARYING COEFFICIENT MIXED-EFFECT
MODELS WITH APPLICATION TO OBESITY GWAS”:
CAUSAL INFERENCE

By WANGHUAN CHU RUNZE LI JINGYUAN LU AND MATTHEW
REIMHERR

While most GWAS studies focus on association analysis between genetic
markers and phenotypes, the question of real interest is: does this genetic
marker cause or increase the risk of a certain disease? This question fall-
s naturally into the field of causal inference. The golden rule of making
causal inference is using randomized experiment, but in many situations da-
ta can only be obtained from observational studies. The genotypes of SNPs,
AA, Aa and aa, for instance, cannot be randomly assigned to any person.
Over the past several decades, there have been substantial developments
on how to infer causal effects from observational data by using statistical
techniques to adjust for confounding factors. In this section, we apply two
popular causal inference techniques, propensity score modeling and inverse
probability weighting, to assess the causal effects of SNPs on BMI.

Propensity scores were first proposed by Rosenbaum and Rubin (1983),
which aims to minimize the differences in confounding factors between the
treatment and control groups. The score is defined as the conditional proba-
bility of being assigned to the treatment group given a set of observed poten-
tial confounders. Conditioning on the propensity score, the binary treatment
assignment and the observed covariates are independent. In practice, propen-
sity scores for binary treatments are usually estimated by logistic regression
(Rosenbaum and Rubin (1984, 1985)). Imai and Van Dyk (2004) generalized
the use of propensity scores to ordinal and categorical treatments, which can
be applied to our data.

For each selected SNP, SNP;, with three genotypes AA, Aa and aa, we
estimate the propensity scores e,(SNP;) = prob(SNP; = g|X(=9)), where
g € {AA, Aa,aa} and X7 = {SNP, : k # j. k € ]\77(,{)} Then the inverse
probability weighting technique is applied to the following model:

BMI; = Bo(age;;) + B1(age;;)Gender; + B2(age;;)Smoke;; + B3(age; ;) Alcoholy;
+B4(ageij)A1COh01;j2 + ’Ykl(ageij)fﬁga + vk2(age;;) iy + €4,

where [ 52“ and 7" are the indicator functions of Aa and aa. Specifically, the
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weighted least squares estimates are computed for each selected SNP; in

D

Tn

, with the weights p(gi;)/eg,; (SNP;;) assigned to the ith subject, where

SNP;; is the jth SNP for the ith subject, g;; is the genotype of SNP;;, and
p(gi;) is the proportion of g;; in the population. Figure 1 shows the top 15
SNPs with smallest weighted residual sums of squares (WRSS).
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Fig 1: Causal effects of the top 15 SNPs from our empirical analysis

Furthermore, we conduct the same causal inferences for the 198 SNPs
collected from previous research in literature*. The time-varying effects of
the top 15 SNPs, with detailed information shown in Table 1, are depicted
in Figure 2. Note that 11 of them are located on the well known “fat gene”
FTOT. In Figure 3, we compare the top 2 SNPs in our study (the first row)
and those in literature (the second row). We observe that the two SNPs
obtained from our procedures have much larger causal effects.

*http://snpedia.com

Thttps://en.wikipedia.org/wiki/FTO_gene
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Fig 2: Causal effects of the top 15 SNPs from published research
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TABLE 1
15 SNPs from previous research for BMI and obesity

SNP Chromosome Position Gene Risk allele MAF
rs4311394 5 54004832 ARL15 G 25.57%
rs6602024 5 54004832 ARL15 A 9.33%
rs3813627 1 161225358 APOA2 T 34.64%
rs1861868 16 53756490 FTO G 49.84%

rs16953002 16 54080912 FTO A 16.29%
rs7193144 16 53776774 FTO G 14.81%
rs17782313 18 60183864 MC4R C 21.73%
rs6971091 7 128723233 | FAM71F1 A 22.53%
rs16147 7 24283791 NPY A 49.30%
rs11076008 16 53893411 FTO A 21.18%
rs10871777 18 60184530 MC4R G 22.04%
rsb574 7 24289514 NPY T 46.75%
rs10852521 16 53771053 FTO T 47.66%
rs9922619 16 53797859 FTO T 46.62%
rs1121980 16 53775335 FTO T 42.13%
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Fig 3: Compare the top 2 SNPs in our study and that in literature
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