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Abstract

The genetic etiology of complex human diseases has been commonly viewed as a process that
involves multiple genetic variants, environmental factors, as well as their interactions. Statistical
approaches, such as the multifactor dimensionality reduction (MDR) and generalized MDR
(GMDR), have recently been proposed to test the joint association of multiple genetic variants
with either dichotomous or continuous traits. In this paper, we propose a novel Forward U-Test to
evaluate the combined effect of multiple loci on quantitative traits with consideration of gene-
gene/gene-environment interactions. In this new approach, a U-Statistic-based forward algorithm
is first used to select potential disease-susceptibility loci and then a weighted U statistic is used to
test the joint association of the selected loci with the disease. Through a simulation study, we
found the Forward U-Test outperformed GMDR in terms of greater power. Aside from that, our
approach is less computationally intensive, making it feasible for high-dimensional gene-gene/
gene-environment research. We illustrate our method with a real data application to Nicotine
Dependence (ND), using three independent datasets from the Study of Addiction: Genetics and
Environment. Our gene-gene interaction analysis of 155 SNPs in 67 candidate genes identified
two SNPs, rs16969968 within gene CHRNAS and rs1122530 within gene NTRK2Z, jointly
associated with the level of ND (p-value = 5.31e-7). The association, which involves essential
interaction, is replicated in two independent datasets with p-values of 1.08e-5 and 0.02,
respectively. Our finding suggests that joint action may exist between the two gene products.

Keywords
gene-gene interaction; Forward U-Test; Nicotine Dependence

INTRODUCTION

The genetic etiology of common complex human diseases has been of tremendous interest to
clinical and basic science researchers as well as to the general public. In the past few years,
the radical breakthrough of biotechnologies has enabled us to generate almost unlimited
genotypic data with great accuracy [Schuster 2008]. Testing the association between these
genetic variants and complex traits provides an unprecedented opportunity to unravel the
hidden secret of gene functions, which would be crucial for a better understanding of the
disease etiology. Meanwhile, the rapid growth of the data dimensionality also presents
daunting challenges to statistical modeling and hypothesis testing.
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Most of the first generation genome wide association studies have tested the association
between genetic variants and disease outcome on a single-locus basis [Barrett, et al. 2008;
Easton, et al. 2007; Zeggini, et al. 2008]. Though a substantial number of genetic variants
have been identified to be associated with the development of many complex diseases, such
as diabetes and Crohn’s disease, the current findings have accounted for only a small
proportion of heritability [Manolio, et al. 2009]. One possible reason is that most of the
complex human diseases are polygenic in nature. Multiple genetic variants, each conferring
a small or moderate effect, may contribute to the disease development [Moore 2003; Nagel
2005]. In addition, the effect of one genetic variant could be suppressed or enhanced by the
existence of others, which is termed epistasis [Bateson and Mendel 1909]. Whereas epistasis
per se cannot account for missing additive heritability, it may often lead to lack of power to
identify association when loci are examined individually without considering their potential
interactions [Chatterjee, et al. 2006].

Considering the probable polygenic nature of many human diseases, statistical approaches
for multi-locus association analysis have been recently developed. Lin et a/. [Lin and Wu
2006] proposed a sequence interaction model in a multivariate regression framework for
quantitative traits. Several studies have modeled multi-locus interactions through haplotype
analysis [Li, et al. 2010a; Tzeng, et al. 2006; Zhang, et al. 2003]. Schaid et a/. proposed a U-
statistic-based score test that can simultaneously examine the association of multiple genetic
variants with dichotomous traits [Schaid, et al. 2005]. Wei et al. further extended this
approach for quantitative traits by using data-adaptive weights for different variants [Wei, et
al. 2008]. These approaches comprise the commonly used single-locus methods, providing
powerful alternatives for genetic association analysis. Their limitation is, however, that they
are less suitable for handling a large number of genetic variants and for considering
interactions, especially high order interactions.

Another group of methods uses a different strategy, by first selecting a subset of genetic
variants from the totality of genotyped variants and then conducting an association test to
assess the combined effect of the selected loci with disease. The subset is usually selected to
best describe the risk of binary disease outcomes or the variation of quantitative traits. For
example, Ritchie et al. proposed a Multifactor Dimensionality Reduction (MDR) method for
balanced case-control studies [Ritchie, et al. 2001]. It pools multi-locus genotypes into high-
risk and low-risk groups, and hence reduces the data dimensions to one. This method has
been widely used and further extended in a series of articles. Martin et a/. extended the
MDR method for family-based designs [Martin, et al. 2006]. Lou et a/. derived a generalized
MDR (GMDR) method that can be applied to both dichotomous and quantitative traits [Lou,
et al. 2007]. The GMDR method is not limited to studies with a balanced design and has the
advantage of allowing for covariate adjustment.. It maps the phenotypic traits into residual
scores through certain link functions under a generalized linear model framework, and then
conducts SNP selection and association testing based on the residual scores. The extension
of GMDR can also be applied for family-based designs, referred to as pedigree-based
GMDR (PGMDR) [Lou, et al. 2008]. These approaches have now been commonly used to
search for gene-gene/gene-environment interactions. They are generally non-parametric and
model free.

These advantages aside, the above methods commonly use an exhaustive search algorithm.
When the number of genetic variants is large, the chances are that a model of irrelevant
combination may outperform the real disease model simply due to sample randomness.
Therefore, when dealing with hundreds of thousands of genetic variants and environmental
factors, an exhaustive search may suffer from loss of power due to the substantial increase in
the feature space [Wu and Zhao 2009]. In addition, an exhaustive search may not be
computationally feasible for high order interaction, especially at a genome-wide scale. As
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discussed by Cordell and Marchini et al., high order epistasis beyond pair-wise interactions
would not be computationally affordable and can be pursued only after single-locus-based
filtering [Cordell 2009; Marchini, et al. 2005].

As an alternative approach, the forward or sequential selection algorithm has received
growing attention for its computational efficiency [Brem, et al. 2005; Lu and Elston 2008;
Storey, et al. 2005]. The algorithm starts with a null feature set and sequentially adds the
best feature that satisfies certain criteria. Real data applications and simulation studies have
also suggested that forward search may have greater power than exhaustive search [Storey,
et al. 2005; Wu and Zhao 2009]. In this paper, we propose a U-statistic-based multi-locus
testing approach for quantitative traits. It searches a relatively large number of SNPs for
joint gene-gene action through forward selection. It has the following advantages: (1) It tests
the overall association for multiple genetic variants together with any interaction effects,
including high-order interactions; (2) It is a non-parametric method that makes no
assumptions about the trait distribution; and (3) It is computationally efficient and can be
applied to high-dimensional data.

METHODS

U-Statistics

We first introduce notation and the hypothesis of interest. Suppose the study has A subjects.
Let Y;denote the quantitative trait for the /7 subject, =1,2........,At and let X;= (Xiz, Xiz......
Xijk) denote Kindependent SNP genotypes, each taking a value from one of the three
possible genotypes Xj; € {AA,Aaaa} j= 1,2,.....,K The hypothesis is whether these K
SNPs, or a subset of them, are associated with the quantitative trait Y. To test this
hypothesis, we 1) first select k< out of the K'SNPs that best describe the variation of Y; where
k< K; and 2) test whether these selected SNPs are jointly associated with the trait Y. In
what follows, we explain our method that conducts the selection and test simultaneously.

Since the foundational work of Hoeffding [Hoeffding 1948], U-Statistics have been widely
used in both theoretical and applied statistical research. They have been recently used to
build test statistics for multiple genetic variants [Schaid, et al. 2005; Wei, et al. 2008].
However, while considering multiple genetic variants simultaneously, these approaches
calculated the global U-Statistic by assuming additive across multiple genetic variants, and
thus did not consider the gene-gene interaction. We here introduce a new U-Statistic to test
joint association of multiple genetic variants with the consideration of possible gene-gene
interactions. In this new method, we measure the difference of the quantitative trait between
two individuals 7and / as:

oY, Y)=Yi=Y;1 <i,j<N.

Suppose we have kselected SNPs, which comprise L multi-SNP genotypes, denoted by
G1,Gy,......,G;. A multi-SNP genotype, Gy, is defined as a vector of ksingle-SNP genotypes
that an individual carries (e.g., {¢%, ¢%..., ¢}). The kSNPs and L multi-SNP genotypes are
selected sequentially out of a total of K'genotyped SNPs (See Section below for details). We
denote by S={/, X=G/} the group of subjects carrying multi-SNP genotype G;, 1,2, ......,L
and m=/S,/the number of subjects in group S;. We define the between-group U-statistic for
group /and group / as:

Ul,l'ZZSO(Yi, Y))ieS,jeSy.
ij
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Uy is the summation of all possible pair-wise trait differences for any two subjects from S;
and Sy. In the presence of association, we would expect different trait values for individuals
carrying different multi-SNP genotype (e.g., those carrying high risk multi-SNP genotype
have higher trait values than those carrying low risk multi-SNP genotype). We assume that
the expected quantitative trait value of the L multi-SNP genotypes decreases with /(i.e
EYs)=EYs)=..... 2 E(Ys,)). Practically, we can sort the multi-SNP genotypes
according to their average trait values (i.e., Y51 > Y52 YSL) Based on Uy, we
further define the global U-statistic for L groups as:

Z wyr U Ly

1<i<l <L L(L—l) \m+my
U= ; where w, y =————.
Z Wy 2 ’ iy
1<i<l'<L

Here, the weight parameter w is chosen to account for the number of subjects in each
genotype group. The above U-Statistic is defined to measure the overall trait differences
among a total of L multi-SNP genotype groups.

U-Statistic Based Forward Selection Algorithm

When dealing with a large number of SNPs, it is likely that a significant proportion of the
SNPs are not disease-related, and thus conducting a model selection will be necessary. We
here introduce a computationally efficient U-Statistic-based forward selection algorithm that
is capable of searching among a large number of SNPs for disease-susceptibility loci that
best describe the variation of the quantitative trait. We start by taking all individuals as a
single genotype group. In the first step, each SNP jcan form two single-SNP

genotypes,{ g{ gé} in three possible ways, denoted as

{gl—{AA} gz_{Aa aal}, {gl ={Aa}, gz_{AA aa}} and {gl {aa}, gz_{AA Aal}. This leads to a

total of 3K possible partitions that can be represented by{ G(l)—gl, (])—gQ} where G(‘)

denotes the /7 multi-SNP genotype at step s. We calculate the U-Statistic for each partltlon

{G(l), Gg”}. The SNP with the largest value of this U-statistic is selected, and the
corresponding partition is recorded. In the second step, based on the first selected SNP, a
second SNP /7 is chosen to form four two-SNP genotypes, denoted

by{ GP=G\"&g) . GP=G&g! . GP=G &gl .GP=G &gl3. It should be noted that, if
the same SNP from step one is chosen in step two only three single-SNP genotypes will be

formed, denoted by { G(12)={AA}, G(z) {Aa}, G(z) {aa}}. We screen all SNPs and calculate
the U-statistic for each of these partltlons The SNP that increases the U-statistic the most is
chosen, together with its corresponding partition. As the algorithm moves forward, the
overall U-Statistic is expected to increase until all the genotype groups are separated. The
largest number of possible genotype groups will be 3.

We use a 10-fold cross-validation (CV) procedure to decide when the selection algorithm
should be stopped. In this procedure, all the subjects are randomly divided into 10
subgroups. Nine of the ten subgroups are used as a training set, while the remaining one is
used as the testing set. The process is repeated 10 times to make sure all subgroups have
served as a testing set. The U-statistics are calculated and averaged over the testing sets
based on the selected model determined from the corresponding training sets. The selection
algorithm is stopped when the overall U-statistic averaged over the testing sets ceases to
increase. After the number of forwarding steps is determined, an overall U-statistic is
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calculated on the whole dataset including all the subjects. An empirical p-value, which
accounts for inflated Type | Error due to model selection and genotype groups ordering, can
also be obtained by sampling the permutation distribution. In a replication study when the
sequence of genotype partitions is pre-determined from an initial study, under the null, the
corresponding global U-Statistic is expected to have a zero mean and asymptotically follow
a normal distribution. The significance level of the association could be tested by using the

C . T U= Z a, Uy
asymptotic distribution of the U-Statistic. For simplicity, we denote ;7 ,and
its variance is estimated as:

> a121’ (mlz,ml+mlzmlf Yo+ > @, al,lrzm/lml;mm'2+ > @,y o,y mymy,my o2
Isl<lsL 1<l,L,1<L 1<h,bI <L
/ ’
ll * 12 , 11 * 12
2
_ 2 Q1@ gy 1y o= ’ > @ @iy m, o
1<, <L 1<, LL<L
A I #1

RESULTS

where Var(Y) = o2 for any I</<N. The derivation is described in Appendix.

Note that, although the illustration above is specified for joint gene-gene action, the same
procedure is also valid for joint gene-environment action. Similar to genetic variables,
environmental factors with categorical or ordinal levels can be directly analyzed. For
continuous environmental factors, however, we need to first cluster them into different
levels and then put them into the model as discrete variables.

Simulation Results

Simulation |

We conducted two sets of simulations to evaluate the performance of our proposed method,
and compared it with a commonly used approach, GMDR. The first set of simulations
compared the performance of the two approaches under various underlying disease models.
The second set of simulations evaluated the performance of the two approaches when the
distribution of the quantitative trait is unknown. The quantitative traits for the second set of
simulations were simulated according to the distributions of two traits from the Study of
Addiction: Genetics and Environment (SAGE) dataset. The two traits used were ‘number of
cigarettes smoked per day’ and “lifetime Fagerstrom Test for Nicotine Dependence (FTND)
score’. The trait distributions in SAGE are illustrated in Figure 1.

In the first set of simulations, we considered a variety of underlying disease models, starting
with three types of two-locus SNP models (Table 1) introduced by Marchini ef a/(i.e.,
multiplicative-effect model, additive-effect model and threshold-effect model) [Marchini, et
al. 2005]. We are here assuming only one SNP in each locus. To mimic more complex
disease scenarios, we also simulated two three-locus models and two four-locus models. The
two three-locus models, which are extensions of the two-locus models to three loci, were
simulated with multiplicative and additive effects, respectively. Each of the four-locus
models comprises two two-locus models (i.e., two two-way joint actions). We simulated the
two-locus models of the first and second four-locus models with multiplicative and addictive
effects, respectively. We further assumed the effects between the two two-locus models for
the first and second four-locus models follow an addictive model and a multiplicative
model, respectively. The multi-SNP genotypes were simulated under the assumption of joint
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Hardy-Weinberg Equilibrium (HWE). For the two-locus models, the minor allele
frequencies for the risk loci were set at 0.4 and 0.3. For the three-locus models, they were set
at 0.4, 0.5 and 0.3. For the four-locus models, they were set at (0.4, 0.3) and (0.3, 0.4) for
each of the two-locus models, respectively. The allele frequencies remained fixed in this
study unless specified otherwise. Noise loci were also introduced to mimic real data
application. The minor allele frequencies of the SNPs at the noise loci were simulated from
a uniform distribution ranging from 0.1 to 0.9. The number of noise loci was adjusted to
ensure the total number of SNPs was always ten. A total of L multi-locus SNP genotypes
were formed from the simulated SNPs at the ten loci,{ G;,G.......G; }, corresponding to
different levels of the quantitative trait. Assuming multi-locus group /had an expected trait
value of y, calculated based on the simulated setting (e.g., additive-effect model), we
simulated quantitative traits for a reference population of one million subjects as:

L
yi:zull(xizc,}+8i’
=1

where e;~ M0,1) and /gy is an indicator function. The Forward U-Test and GMDR were
applied to 1000 subjects randomly selected from the reference population. For each
underlying disease model, the simulation was repeated 1000 times with 1000 permutations.
For both methods, the association was significant if the test statistic exceeded the 95-th
percentile of the corresponding permutation distribution. The power was then calculated as
the probability to detect the overall association based on 1000 replicates. In a similar
manner, we calculated the type | error by only considering non-causal loci in the model.

The simulation results are summarized in Table 2. We report power, Type | error, sensitivity
and specificity. The sensitivity (specificity) was calculated as the probability of selecting
(not selecting) a causal (hon-causal) SNP. U-statistics and Testing Balanced Accuracy
(default in GMDR) were used as test statistics to examine the significance level of the two
methods. For GMDR, since the quantitative traits were simulated under a normal
distribution, an identity link was used to calculate the scores statistics. The simulation results
has showed that, compared to GMDR, the Forward U-Test significantly increased the test
power under multiplicative and additive models, while properly controlling the Type I error.
For the threshold effect model, GMDR and the Forward U-Test had comparable power. In
terms of selection accuracy, the sensitivities of GMDR tended to be higher than those of
Forward U-Test, with a few exceptions when both of the causal SNPs have strong marginal
effects. However, the specificities of Forward U-Test were consistently higher than those of
GMDR, and were greater than 0.95 in all scenarios. On the other hand, the specificities of
GMDR were significantly reduced when the effect size decreased or the complexity of
disease model increased. This result indicated that Forward U-Test had a low false positive
rate for SNP selection, which could partially explain the increase rather than loss of testing
power over GMDR despite of the relatively lower sensitivities, because less noise was
selected into the final model. The power increased in most scenarios could also be explained
by allowing for more than two risk groups in the model. As illustrated in Table 2, Forward
U-Test attained significant power increase over GMDR under disease models with more
than two risk groups, with the exception of the two-locus threshold model containing only
two risk groups.

For common complex diseases, the trait distribution is commonly unknown or hard to
determine. We conducted a second set of simulations to compare the performance of the
methods when the trait distribution is unknown. Two quantitative traits were simulated
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according to the distributions of the two variables ‘number of cigarettes smoked per day’
and ‘lifetime Fagerstrom Test for Nicotine Dependence (FTND) score’ in SAGE. For each
trait, two-SNP disease models with three types of joint action effects, multiplicative,
additive and threshold, were used for the comparison. Because of the unknown trait
distribution, various link functions were used to calculate the residual scores for GMDR,
including zero inflated Poisson, Poisson, negative binomial, and Gamma. The residual score
for zero inflated Poisson was calculated with the package ‘pscl’ in R [Zeileis, et al. 2008].

The simulation results are summarized in Table 3 and Table 4. For both traits, the Forward
U-Test attained greater power than the GMDR, especially under two-SNP models with
additive or multiplicative effect. For the given trait distributions, GMDR had its best
performance on assuming zero-inflated Poisson. When the underlying disease model was the
threshold model, GMDR with a zero-inflated Poisson link could reach the same power as the
Forward U-Test. However, the power could be significantly reduced for GMDR on using an
inappropriate link function. In all scenarios, the specificities of Forward U-Test were greater
than 0.95 and were consistently higher than those of GMDR. In terms of sensitivity, the
performance largely varied, depending on the underlying disease model, effect size and link
functions.

Application to Nicotine Dependence

We applied the proposed method to the Study of Addiction: Genetics and Environment
(SAGE) GWAS dataset, searching for potential joint gene-gene actions among 155 known
ND-associated SNPs. The participants of the SAGE were unrelated individuals selected
from three large, complementary studies: the Family Study of Cocaine Dependence (FSCD),
the Collaborative Study on the Genetics of Alcoholism (COGA), and the Collaborative
Genetic Study of Nicotine Dependence (COGEND). The trait of primary interest was the
level of addiction to cigarettes, assessed by the answer to the question ‘How many cigarettes
do you smoke per day?’. It had four ordinal levels: 0 (10 cigarettes or less), 1 (11-20
cigarettes), 2 (21-30 cigarettes) and 3 (31 cigarettes or more). 760, 799 and 1356 subjects in
FSCD, COGA and COGEND, respectively, had the trait information and were used in the
analysis. The trait distributions are shown in Figure 2. From the literature, we selected 155
SNPs across 67 candidate genes that had been reported for potential association with ND.
Among those, genotypes for 128 SNPs are available in the SAGE dataset, and genotypes for
the remaining 27 SNPs were imputed by using PLINK [Frazer, et al. 2007; Marchini, et al.
2007]. The HapMap phase |11 founders of the CEU and ASW populations were used in the
imputation as the reference panels for the white and black subjects [Altshuler, et al. 2010].

We applied the Forward U-Test to FSCD for an initial association test and then replicated
the initial findings in COGA and COGEND. Two SNPs, rs16969968 (A/G) and rs1122530
(C/T), were identified to be significantly jointly associated with the trait with a nominal p-
value of 5.31e-7 in FSCD. Permutation test was also conducted and the empirical p-value
was p<0.001. The two SNPs are located in genes CHRNA5 and NTRK?Z, respectively.
Evaluation of the association finding in COGA (p-value=1.08e-5) and COGEND (p-
value=0.02) showed the association remained significant at the 0.05 level (Table 5). The two
SNPs together formed four two-SNP genotypes: G/={{AA or AG} & {CC or CT}}, G»
={{AA or AG} & {TT}}, G={{GG}& {CCor CT}}, G/{{GG} & {TT}}. Inorder to
study any potential interaction between the two SNPs, we calculated the average trait level
in each genotype groups. From the FSCD we found that the effect of rs16969969 was
modified differently by the genotypes of rs1122530, indicating a potential interaction effect
between the two SNPs (Figure 3). A similar trend was observed in COGA and COGEND
(Figure 3). In particular, it should be noted that this interaction is “essential” [Wu, et al.
2009] and not completely removable by a monotonic transformation of the data.
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We also applied GMDR on the same datasets. For the initial association study on FSCD, the
disease models were searched with up to 3-way joint actions, and a zero inflated Poisson
link was assumed. The results showed that the model with two SNPs performed best in
terms of Testing Balance Accuracy, CV consistency, and sign test p-value (Table 6).
Whereas GMDR identified rs16969968 (A/G) that overlapped with the results of Forward
U-Test, it also picked up a different SNP, rs573400 (A/G), which located in gene GABRAZ.
Examination of the two SNPs in the other two datasets showed, the association remained
significant in COGA (p-value=0.0001), but was not significant in COGEND (p-
value=0.6230). We used linear regression models to fit the trait values with the groupings
identified by both methods and examined the goodness of fit with R-Squares (Table 7). The
results showed that the SNPs identified by GMDR had a better fit than the SNPs identified
by Forward U-Test in FSCD, but not in COGA and COGEND. Both methods may indicate
plausible joint gene-gene actions. Although the findings of both methods can’t be directly
compared, the results from the association and goodness-of-fit analyses suggested that the
finding of Forward U-Test may be more robust across different studies.

DISCUSSION

Complex traits are expected to be caused by the interplay of multiple genetic variants and
environmental factors through complicated mechanisms. If two genes are jointly involved in
producing the variability of a phenotype whether additively or not, biological interaction
between them or their products must be involved [Wang, et al. 2010a]. In addition, there
may be statistical interaction that may or may not be removable by a transformation of the
data. Thus, statistical approaches that consider gene-gene/gene-environment interactions,
including high order interaction, are more likely to take this complexity into account and
could improve the discovery process of identifying important genetic variants. In this paper,
we proposed a Forward U-Test for joint association of multiple genetic variants, with
consideration of possible gene-gene interaction. Through simulation, we have shown that
our method has a better performance than GMDR under various scenarios, whether or not
statistical interaction exists. This improvement can be explained by the following reasons: 1)
Our method is an entirely non-parametric approach and makes no assumption about the trait
distribution, while the GMDR is based on a generalized linear model and implicitly specifies
the link function with an assumption of the trait distribution. 2) Similar to MDR, GMDR
assumes two levels of the quantitative traits by clustering multi-locus genotypes into a high-
risk group and a low-risk group. Our method measures the differences of traits on genotype
group levels without constraining the genotype groups to two levels, which may gain more
strength from the quantitative variation of the trait. 3) Unlike MDR and GMDR, which
select a set of candidate models for each model size, the Forward U-Test uses the cross-
validation procedure to choose the most parsimonious model, making it easy for
interpretation and replication. 4) Our method uses a forward search instead of an exhaustive
search as does GMDR. The forward selection can substantially reduce the search space of
the interaction combinations. As discussed by Wu ef a/[Wu and Zhao 2009], the
performance of the selection strategies depends on the underlying disease model. Our results
indicated that, under additive and multiplicative models, forward selection outperformed
exhaustive selection. However, we expect power to decrease for forward selection if none of
the genetic variants has any marginal effect. In this specific case, exhaustive selection will
perform better than forward selection.

Besides the potential improvement of testing power, forward selection is also less
computational intensive than exhaustive selection. When the number of loci increases, the
computation time and memaory use for the exhaustive search increase exponentially, while
those increase only quadratic for the forward selection algorithm. This makes it
computationally feasible for testing high-order interaction on high-dimensional data (e.g.,
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whole genome-wide data). High-order epistasis may play an important role in gene
networks. The early evidence in plant has shown that the aggressiveness of the isolate of
phytophthora capsici is influence by high order epistasis [Bartual, et al. 1993]. A recent
study has also detected a significant three-locus interaction that is associated with the
development of inflammatory bowel disease (IBD) in human [Wang, et al. 2010b].
Furthermore, in our study, we illustrated the proposed method with a moderate number of
SNPs. For genome-wide association studies with millions of SNPs, Li et a/. recently
proposed a two-step analysis framework by integrating a trait preconditioning procedure
with the feature selection [Li, et al. 2011]. This approach first predicts ‘preconditioned’ trait
by a linear combination of features that are strongly correlated with the trait, and further
applies the feature selection to the ‘preconditioned’ trait. It has been shown that the
preconditioning can improve the performance of feature selection, especially for interaction
effects. Such a strategy may also be helpful to detect genetic interactions by combing trait
preconditioning with the proposed forward selection procedure.

We also compared the power of the proposed method with the stepwise linear regression
method. The stepwise linear regression model was performed using the g/mand step
function in R. During the stepwise regression process, the SNPs were selected forwardly
into the model and the most parsimonious model was determined based on Akaike
information criterion (AIC). Through simulation, we found forward U-Test outperformed
linear regression. For instance, under the two-locus multiplicative model with the largest
marginal effect in the simulation (first scenario in Table 2), the power of stepwise linear
regression is 0.16 without considering the interaction effects and 0.152 if interaction effects
are considered, which are much lower than the power of the forward U-Test. We also
applied stepwise linear regression to SAGE data. Due to a large number of parameters
required for modeling interactions, we applied stepwise linear regression with only
considering marginal effects. By applying the stepwise linear regression to the initial data of
FSCD, 26 SNPs were selected. Further evaluation of these 26 SNPs in COGA and
COGEND showed these SNPs were not significantly associated with the trait. This result
may indicate that the parametric methods, such as linear regression, were less robust when a
large number of SNPs were considered.

The Forward U-Test also differs from existing U-Statistic based methods: 1) It calculates the
global U-Statistic by a summation over the U-Statistics of multi-SNP genotype groups
instead of each single SNP, which implicitly considers the joint gene-gene action that is
additive or not; 2) It searches for the multi-SNP genotypes by a forward selection algorithm,
which is important for high-dimensional data with a large number of non-functional SNPs.
The size of the model selected by the forward selection algorithm may depend on the study
sample size. The larger the sample size, the more complex the model with the possibility of
high-order interactions, the approach can find. In addition, the choice of the weight
parameter w can also have an impact on the performance of the approach. Different weights

mitmy
can be used in the proposed method (e.g. wyr = Z, for all /), but we chose w”'ZTm/ in
our study because it appeared to have the best testing power.

In the real data application, we identified two SNPs, located in CHRNA5 and NTRKZ2,
jointly associated with ND. Both CHRNAS5and NTRKZ have been suggested to be
functionally related to ND. SNP rs16969968, a non-synonymous coding SNP in exon 5 of
CHRNAS, was first reported to be ND-related with a significance level of 0.00064
[Saccone, et al. 2007], and has been replicated in several other studies [Berrettini, et al.
2008; Caporaso, et al. 2009; Grucza, et al. 2008; Schuckit, et al. 2008; Spitz, et al. 2008;
Stevens, et al. 2008]. Studies have also suggested that CHRNAS may interact with
CHRNA3and CHRNB4to affect ND and lung cancer [Li, et al. 2010b; Li, et al. 2010c;
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Schlaepfer, et al. 2008; Weiss, et al. 2008]. SNP rs1122530, a hon-coding SNP in NTRK2,
has been found to be associated with ND in a haplotype analysis with two other SNPs
(rs1659400 and rs1187272) of NTRKZ2 [Beuten, et al. 2007]. A previous study has found
evidence of joint action between N7TRK2and multiple functional genes for ND, such as
CHRNA4, CHRNBZ, and BDNF [Li, et al. 2008]. However, to our knowledge, no joint
action has been previously reported for CHRNAS5 and NTRKZ2. Although the joint
association of CHRNA5and NTRKZ2with ND, involving statistical interaction, reached a
statistically significant level and replicated in independent studies, further study would be
necessary to further replicate and investigate the statistical interaction.
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APPENDIX

Estimation of the variance of the U-Statistic under the null hypothesis

Suppose we have a study sample of A/subjects. We assume their quantitative traits are
independent and have the same variance, denoted as Var (Y;) = o2. For simplicity, we

U= Z ayUy

denote |77, .

The variance of the U-statistic can be expressed as
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2
Var(U)=Var( Z ayUy)= Z a/”,Var(U”f)+ Z %z’lazzz;CO"(Uzlz;sUzzz;)

1<i<I'<L 1<I<l'<L 1< ll<l/ <L
1< lz<l2 <L
(1, 1)) # (b, 1)

For all <K/ <L, we estimate the group-wise variance for the U-Statistic as:

Var(U )=Var( Y @Y, Y))=Var( 3 (Y;=Y))

€Sy, jeS ’ €Sy, jeS ,
=Var(my 3, Yi-my 3, Y))= m >, Var(Y)+m >, Var(Y))
€S, jes / zESl Jjes /

—(m[, my+m; mlr) o?

The covariance between group-wise U-Statistics is estimated according to different
scenarios:

I # l; #h# l;, CO"(Uzll'la Upr)=0

2. /J: /2:/,

Cov(U,, 1, Uy )=Cov(Uyp Uy )=Cov( 3 (i ¥j), 2 ¢(YiYp))

ieS,,JleS ’ ieS,,/'zeS ’

=Cov( Yi=Y;), > (Y- Y,,)) Cov(ml ZYZ,ml > Y)

€S, j1 ES/ zeS1,jzeS ’ LieS,; 2ieS,;
1

=y my Var(ez Y)= =mymy m o2
i€S)

I\=l,=l,
COV(UIII/ ) Ulzl/ )ZCOV(Ulllv Ulzl)ZCov( Z SD(YI'] 5 Y])’ 2 90( i Y
1 2 ileSII iGS, i2€S]2 ]Esl
=Cov( 3 (Yi=Y), % (Yi=Y)=Covimy, ¥ Y;my, 3 Y))
i1€81,,j€SI 2€51,.j€S1 Jjesi Jjesi
=my,my, Var( Y, Y ;)=my, my,m o2
JES1
4 [ =p=,

CO"(UI ULy )=Cov(Uy,, U”:)=C01’( 2 oY, Yj) 2 o(Y; YD)
14 25 2

iES[I NEAY JjES 1,teS !

=Cov( Y (Y;=Y), X (Y;=Y))=Cov(-my Z mlzZY)

ieS;l LJESI jeS,,teS ’ 1jes; 2 jeS;

_ _ 2
==y my Var( ezb:" Yj)——mllml;ml o
2 = 2

S Iy=l,=lis equivalent to 4)
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Figurel. Trait distribution in Simulation |1
A: the distribution of the number of cigarette smoked per day;
B: the distribution of Participants’ life-time score of FTND.
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Figure 2. Trait Distributionsin FSCD, COGA and COGEND
A: the distribution of trait in FSCD;

B: the distribution of trait in COGA;

C: the distribution of trait in COGEND.
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Figure 3. Joint Effects of Two SNPs Show Potential Statistical Interaction
A: average trait by genotype groups in FSCD;
B: average trait by genotype groups in COGA;
C: average trait by genotype groups in COGEND;
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Table 7

Goodness of Fit with the SNPs identified by Forward U-Test and GMDR

R-Squares
Study
Forward U-Test GMDR
FSCD 0.0567 0.0656
COGA 0.0348 0.0165
COGEND 0.0051 0.0033
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