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Abstract: In the course of genome-wide association studies (GWAS) over the last decade,
genetic associations of the same locus with multiple phenotypes (eg, pleiotropy) have been
observed. Pleiotropy may represent either common or distinct biological pathways. Mediation
analysis provides insight into interpreting the pleiotropy identified through GWAS as either
shared or distinct effects. In this paper, we will discuss mediation analysis for genetic effects,
the challenges and limitations associated with these methods, and the importance of mediation
analysis in the GWAS era.
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Introduction

Genome-wide association studies (GWAS) are used to identify novel genetic
associations. In the course of GWAS investigations over the last decade, genetic
associations of the same locus with multiple phenotypes (eg, pleiotropy) have been
observed. Pleiotropy may represent either common or distinct biological processes.
Mediation analysis offers a strategy for identifying phenotypes that share a common
genetic pathway and for quantifying the proportion of the total genetic effect on
those phenotypes. Mediation analysis provides insight into interpreting the pleiotropy
identified through GWAS as either shared or distinct effects.

Attempts have been made to identify common pathways for the observed pleiotropy
found for the chromosome 15q25 region. Multiple GWAS have found significant signals
in this region for clinical outcomes such as lung cancer,' chronic obstructive pulmonary
disease (COPD),? and cigarette smoking.** Within this chromosomal region, there is a
cluster of nicotinic acetylcholine receptor genes CHRNA5/A3 that may have an indirect
or direct effect on clinical disease (eg, COPD) through smoking behavior. However,
there are other significant GWAS signals in this region for /REB2 and AGPHD1 that
may directly influence lung biology.

Mediation analysis has been applied to this problem. Single-nucleotide
polymorphisms (SNPs) in this chromosome 1525 region for /IREB2, AGPHD1, and
CHRNA3 were identified from previous GWAS.’ Both direct and indirect effects of
these SNPs were tested with cigarette smoking as a mediator of COPD. SNPs within the
CHRNA3 and AGPHD regions show both direct effects and indirect effects on COPD
mediated by smoking while /REB2 was not associated with smoking nor showed any
indirect effect of smoking on COPD.? The results of this mediation analysis indicate
that the genetic susceptibility to COPD can be partitioned into pathways mediated
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by smoking behavior and pathways independent of current
measures of smoking behavior.®

Mediation analysis has been used to examine pleiotropy
in several other GWAS, including the following examples.
A study has shown that an SNP on chromosome 14q21 and
reduced bladder cancer risk are mediated by telomere length.”
Another mediation analysis revealed a suppression effect of
the adiponectin levels on the association between CDH13
genotypes and metabolic syndrome.® An additional study
has shown that macronutrient intake is a mediator with F70
SNPs to increase body mass index.” A recent study has shown
that the AHSG gene is associated with bone mineral density
through fetuin-A and body mass index.'°

In addition to pleiotropy in GWAS, obvious biological
mediators for a gene and clinical outcome are mRNA
expression as measured by expression quantitative trait loci,
DNA methylation, and the protein product of the gene.!'""'? For
instance, a recent study used mediation analysis to determine
whether observed trans-expression quantitative trait locus asso-
ciations are mediated by expression of transcripts in cis with
the SNPs showing trans-association.!* Mediation analysis can
provide crucial information regarding the potential mechanisms
for observed pleiotropy from GWAS and in deciphering direct
and indirect pathways responsible for the pleiotropic effects.

In this paper, we will discuss causal inference and media-
tion analysis for genetic effects, the challenges, assumptions,
and limitations associated with these methods, and the
importance of mediation analysis in GWAS.

Causal inference and mediation

analysis for genetic effects
In GWAS, different complex phenotypes are often associ-
ated with the same genetic marker. Such associations can be
indicative of pleiotropy (eg, common genetic causes),'* direct
genetic effects via one of these phenotypes,'>'¢ indirect genetic
effects via one or more of these phenotypes,'” ! or can be
solely attributable to non-genetic/environmental links between
the traits. These four conditions are illustrated in Figure 1. To
identify the phenotypes with the inducing genetic association,
statistical methodology is needed that is able to distinguish
between the different causes of the genetic associations.'
Vansteelandt and Lange discuss statistical methodology and
developments in the causal inference literature relevant to
these analytical issues in genetic association studies, including
counterfactuals and Directed Acyclic Graphs.'’

A subset of causal inference, mediation analysis quantifies
the proportion of direct and indirect effects of the exposure
on the outcome of interest via the mediator, an intermediate
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Figure | The top left figure shows an example of a pleiotropic effect of an SNP X
on two phenotypes Y| and Y2. The top right figure shows an example of the direct
effect of an SNP X on a phenotype Y. The bottom left figure shows an example of
the indirect effect of an SNP X on a phenotype Y through a mediator M. The bottom
right figure shows an example of two traits Y| and Y2 that are associated through an
environmental trait Z and not the SNP X. This figure was made using DAGitty, an
online software package used to create causal diagrams (Directed Acyclic Graphs).
Abbreviation: SNP, single-nucleotide polymorphism.

phenotype on the causal pathway between the exposure and
the outcome.!'”'® For example, mediation analysis can be
used to determine what proportion of the total genetic effect
that an SNP on chromosome 15 (CHRNA5/3) has on forced
expiratory volume in 1 second (FEV ) (a measure of pulmo-
nary function) is mediated through pack-years of smoking
history (the putative intermediate phenotype). For mediation
analysis, first consider the simple scenario for a continuous
outcome Y (eg, FEV) and mediator M (eg, pack-years of
smoking history) as seen in Figure 2.

Three linear regression models can be used to jointly
describe the effect of the SNP (X) on the outcome Y through
M as seen in the following equations.?!

E[Y]=B,+BX (1
E[Y]=v+1X + v M, )
EM]=a,+ 0o X 3)

In Equation 1, B_represents the total effect of the exposure
X on the outcome Y both through the mediator M and through
other pathways. In Figure 2, B_measures both paths X — M
—Y and X — Y. In equation 2, y_represents the direct effect
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Figure 2 The direct effect of X (eg, SNP) on the outcome Y (eg, FEV,) is represented
by the arrow from X directly to Y. The indirect effect of X (eg, SNP) on the outcome
Y (eg, FEV,) through the mediator M (eg, smoking history) is represented by the
path from X to M to Y (eg, X—>M—-Y).

Abbreviations: FEV‘, forced expiratory volume in | second; SNP, single-nucleotide
polymorphism.
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of the exposure X on the outcome Y. In Figure 2, y_measures
the path X — Y. In equation 2, y, represents the effect of the
mediator M on the outcome Y adjusting for the exposure X.
In Figure 2, y_measures the path M — Y. In Equation 3, o,
represents the association between the exposure X and the
mediator M and in Figure 2, o._measures the path X — M.
Anindirect effect of X onY through M occurs when ¢, # 0
in Equation (3) and y,, # 0 in Equation (2). This is referred to
as the intersection union test, causal steps approach,? or the
joint significance test.*?* The indirect effect can be estimated
as «,y,, and tested using the Sobel test.”> These mediation
models can be used to calculate the proportion of the direct
and indirect effects of the exposure X on the outcome Y.?¢
Mediation models have been extended from this simple
scenario described above to accommodate interactions
between the exposure and mediator,””*® adjustment for
confounders,'®'7? assessment of direct and mediated effects, "2
and multiple mediators.? Figure 3 depicts one of these extended
scenarios: a Directed Acyclic Graph with multiple mediators
and confounders. These methods make several assumptions and
have potential limitations when applied to GWAS to determine
the effect of the SNP on the outcome through the mediator.

Assumptions and challenges

When using mediation analysis, one needs to be cognizant
of the assumptions made for these methods to be valid. Most
mediation methods assume there are no unmeasured con-
founding of the exposure—outcome relationship, no unmea-
sured confounders of the mediator—outcome relationship,
and no unmeasured confounding of the exposure-mediator
relationship.?” This may be an issue if there is ascertainment
bias in case—control studies. For instance, an SNP may be
associated with both the mediator and the outcome because
the SNP affects the outcome and the outcome is correlated

X Y

Figure 3 This DAG includes two mediators (M| and M2) and confounders (C). The
direct effect of X (eg, SNP) on the outcome Y (eg, FEV,) is represented by the arrow
from X directly to Y, but there are multiple indirect paths from X to Y.
Abbreviations: DAG, Directed Acyclic Graphs; FEV,, forced expiratory volume
in | second; SNP, single-nucleotide polymorphism.

with the mediator. This may result in an indirect pathway
that is merely the result of the sampling bias of the study.>*3*
Several methods have been proposed that adjust for this
ascertainment bias due to case control sampling.>>*+

In addition, if there is measurement error of the exposure and/
or the mediator, this can result in an incorrect interpretation.®
For instance, if there is non-differential misclassification of a
binary mediator, then the natural direct effect may be overesti-
mated and the natural indirect effect may be underestimated.*
Mediation analysis also assumes a causal direction of the
effect that must come from a priori biological knowledge."
For instance, mediation methods are assuming that the arrows
in Figures 1-3 are correctly specified.

While there are methods that incorporate multiple media-
tors, one needs to consider the correlation between these
mediators to avoid issues due to colinearity.” While several
mediators can be tested individually, a correction for mul-
tiple testing should be done if these mediators are measure-
ments of the same phenotype. This correction for multiple
comparisons can decrease power if an investigator uses
several phenotypes that measure the same trait. For instance,
consider the scenario where one wants to test whether the
same SNP is associated with COPD through the mediator
nicotine dependence and nicotine dependence is measured
as pack-years of smoking history and current/former smok-
ing status. There are two approaches to this problem. 1) One
could use a method that accommodates multiple mediators
assuming current smoking status is not heavily correlated
with pack-years of smoking history in the study.? 2) One
could test both whether the SNP is associated with COPD
through pack-years of smoking history and whether the SNP
is associated with COPD through current smoking status and
then correct the alpha level for the two tests that were run. As
a result, one needs to be careful when choosing the number
of mediators to include in the analysis.

In general, mediation analysis is not run for every SNP in
a GWAS since mediation analysis is unfounded if the SNP
does not affect the outcome of interest. First, a GWAS is run
for the outcome of interest (eg, FEV ) and SNPs with P-values
less than 5x107® are considered genome-wide significant. If an
intermediate phenotype (eg, pack-years of smoking history)
is believed to affect the outcome (eg, FEV ), then a mediation
analysis can be run to determine the direct and indirect effects
of the SNP on the outcome through the mediator.

Determining which SNPs to include in the mediation
analysis is challenging. In GWAS, due to linkage disequi-
librium (LD), several SNPs within a gene may be associated
with the outcome but these associations are not independent.
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If every SNP in the region is tested, then this creates a mul-
tiple testing issue. If a Bonferroni correction is used, then
this would be overly stringent due to the LD in the region. A
potential solution is to combine these SNPs that are in LD
in the region through aggregate methods such as haplotype
analysis or genotype scores. Alternatively, picking the most
significant SNP in the region from the GWAS for the outcome
may not be appropriate since most mediation methods assume
that the SNP chosen is the causal variant. Another approach
is to choose the putative causal variant as the SNP of interest
for the mediation analysis but this may be difficult in practice.
For instance in the CHRNA5/3 region on chromosome 1525
there is an amino acid substitution (rs16969968, D398N)
that alters function of its receptor, which is a plausible
candidate for a causal variant in this region. However, there
are also SNPs associated with differences in mRNA levels
(rs5888765 and rs880395) in LD with rs16969968, which
are also putative causal variants. The specific solution to this
problem will be influenced by the genetic architecture of the
region of interest.

Furthermore, the SNP that is the causal variant for the
outcome (eg, FEV,) may not be the causal variant for the
mediator (eg, pack-years of smoking history). Picking SNPs
for the mediation analysis that are significantly associated
with both the mediator and the outcome of interest within
one cohort or study will bias the analysis toward an indirect
effect in this same cohort or study. Therefore, we recommend
only picking SNPs associated with the outcome of interest
from the GWAS and not both the mediator and the outcome.
Alternatively, SNPs for the mediation analysis may be chosen
based on a priori biological reasoning.

Conclusion
Mediation analysis can provide insight into the biologic
processes that lead to clinically relevant diseases. As such,
evidence from mediation analysis can lead to important
therapeutic targets for disease prevention. GWAS are a rich
source of evidence for the genetic susceptibility to diseases,
but by itself, GWAS do not identify the biological path-
ways responsible for these associations. Mediation analysis
can be an important addition to GWAS when pleiotropy
exists at a locus for the disease outcome and the interme-
diate phenotype by partitioning the observed association
with the disease outcome into processes explained by the
intermediate phenotype and processes not fully explained
by the intermediate phenotype.

GWAS can identify novel genetic associations with dis-
ease outcomes. In contrast to candidate gene approaches,

GWAS do not assume a specific biologic pathway. As such
there is no a priori specific biologic pathway being examined.
GWAS significant results may provide insight into the bio-
logic processes that account for the association if the genes
have known biological activity. However, these genes may
have multiple biologic properties. In addition, GWAS signals
may come from genes without known biologic effects or
within gene deserts. Regardless, the true biological pathways
between the gene and the outcome cannot be known unless
formally tested.

Mediation analysis requires a priori assumptions about
the direction of the effects observed.!® In addition, the inter-
pretation of “direct” effects may represent a true alternate
biologic process, measurement error of the intermediate
phenotype, or additional steps along the same biologic path-
way. For example, direct effects of CHRNA5/3 on COPD and
lung cancer other than through the mediator of pack-years
of smoking history may be due to measurement error of
self-reported smoking history, additional aspects of smok-
ing not captured by pack-years of smoking such as nicotine
dependence, or a true alternate biologic process of either
these nicotine receptor genes or other genes in the region
that are in LD with CHRNAS5/A3.

Combining results from GWAS with mediation analysis
provides an important platform for identifying novel genes
associated with clinically relevant outcomes and the biologic
processes that lead to these associations. This framework
may identify therapeutic targets for the treatment of common
complex diseases.
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