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ABSTRACT: We propose a new approach to detect gene × gene joint action in genome-wide association studies (GWASs)
for case-control designs. This approach offers an exhaustive search for all two-way joint action (including, as a special case,
single gene action) that is computationally feasible at the genome-wide level and has reasonable statistical power under most
genetic models. We found that the presence of any gene × gene joint action may imply differences in three types of genetic
components: the minor allele frequencies and the amounts of Hardy-Weinberg disequilibrium may differ between cases and
controls, and between the two genetic loci the degree of linkage disequilibrium may differ between cases and controls. Using
Fisher’s method, it is possible to combine the different sources of genetic information in an overall test for detecting gene ×
gene joint action. The proposed statistical analysis is efficient and its simplicity makes it applicable to GWASs. In the current
study, we applied the proposed approach to a GWAS on schizophrenia and found several potential gene × gene interactions.
Our application illustrates the practical advantage of the proposed method.
C 2013 Wiley Periodicals, Inc.
Genet Epidemiol 38:60–71, 2014. 
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Introduction
The availability of high-throughput genotyping technology has enabled genome-wide association studies (GWASs),
which have provided an unprecedented opportunity to identify genetic variants for many human diseases, including agerelated macular degeneration [Klein et al., 2005] , body mass
index [Church et al., 2010], Crohn’s disease [Barrett et al.,
2008], and Alzheimer’s disease [Harold et al., 2009]. However,
although GWASs have successfully identified many susceptibility variants, the findings explain only a fraction of the
expected overall heritability and replication of significant results has often failed. It has been speculated that some of the
unexplained heritability and inconsistency among replica∗ Correspondence to: Sungho Won, Department of Applied Statistics, Chung-Ang
University, 221 Heukseok-dong, Dongjak-gu, Seoul 156-756, Korea. E-mail: swon@cau.
ac.kr

tion studies may be caused by epistatic effects [Culverhouse
et al., 2002]. Simulations, for instance, have shown that in
the presence of gene × gene interaction, differences in the
allele frequency between the initial study and the replication
populations can affect the power of single-locus strategies
and hamper the reproducibility of true findings [Marchini
et al., 2005]. At the same time, increasing empirical evidence
supports that general gene × gene interactions [Zerba et al.,
2000] play a key role in the variation of complex traits. Consequently, the systematic statistical analysis of gene × gene
interaction is critical for the success of GWASs in genetic
epidemiology.
However, in spite of the importance of gene × gene interaction, the meaning of gene × gene interaction has not been
clearly understood, and statistical gene × gene interaction has
often been confused with biological gene × gene interaction.
In particular, the inference on the biological mechanism is
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complicated because of the lack of direct correspondence between statistical and biological interaction [Ueki and Cordell,
2012]. Statisticians usually define statistical interaction as a
departure from additivity in a linear model using a selected
measurement scale. However, as was pointed out by Wang
et al. [Wang et al., 2011], if one aims to infer biological interactions, statistically modeled interactions and main effect
terms should not be separately interpreted. In this context,
it has been suggested that the term “biological interaction”
can be detected by the statistical model that compares joint
multilocus genotype frequencies [Wang et al., 2010]. In this
study we focus on the biological interaction and it will be
denoted as the joint action to avoid confusion.
Numerous parametric and nonparametric approaches
have been proposed to detect gene × gene joint action. Parametric approaches are usually based on logistic regression
[Cordell, 2002] and shrinkage approaches have been applied
to decrease the multiple testing problems [Park and Hastie,
2008]. Nonparametric approaches, including the multifactor dimensionality reduction (MDR) [Ritchie et al., 2001],
multivariate adaptive regression spline [Cook et al., 2004],
and random forest approaches [Jiang et al., 2009], have also
been adapted to detect gene × gene joint action. However,
most statistical methods for detecting gene × gene joint action are affected by some intractable issues. First, gene ×
gene joint action analysis at the genome-wide scale is computationally intensive and computational requirements can
detract from the strength of each method. MDR has been
shown to be a powerful approach for complex gene × gene
joint action [Ritchie et al., 2001]; however, the initial marker
selection step, which alleviates the computational intensity,
can reduce the statistical efficiency of this approach. Cordell
concluded that the semiexhaustive search of two-locus interactions implemented in PLINK [Purcell et al., 2007] and
the random forests analysis implemented in Random Jungle
[Cordell, 2009] are computationally feasible approaches. Recent computational achievement based on graphic processing
units [Chikkagoudar et al., 2011; Yung et al., 2011] or multithreaded parallelization [Gyenesei et al., 2012] also enables
the genome-wide gene × gene joint action analysis. However, further investigation on the efficient algorithm is still
necessary. Second, even for a two-locus joint action model,
there are 50 different models for gene × gene joint action
[Li and Reich, 2000], and an exhaustive search of all these
interaction models generates a substantial statistical burden.
To maximize statistical efficiency, it may be better to search
for significant differences in some parameters obtained by
transforming the two-locus genotype frequencies.
In genetic association analysis for multiple SNPs, three
potential statistically independent quantities provide information about the genetic association at unlinked loci [Won
and Elston, 2008; Won et al., 2009a]. First, the association
of single or multiple SNPs with disease produces the different allele frequencies between cases and controls [Sasieni,
1997]. Second, the amount of Hardy-Weinberg disequilibrium (HWD) at single or multiple loci may differ between
cases and controls [Nielsen et al., 1998]. Third, the amount
of linkage disequilibrium (LD) may differ between cases and

controls [Nielsen et al., 2004], where the composite LD can
be used if genotypes are not phased [Zaykin et al., 2006].
The difference of these quantities between cases and controls
can be utilized to detect the gene × gene joint action. In
this report, information about the presence of a gene × gene
joint action that is included in these three different quantities
is utilized to maximize the statistical power of the analysis,
while at the same time, the numerical complexity is minimized. Thus, the proposed approach enables gene × gene
joint action analysis on a genome-wide scale via exhaustive
analysis of all possible two-way interactions.
Furthermore, we applied our method to a GWAS on
schizophrenia (SCZ). SCZ is a common psychiatric disorder
that results from interactions between genetic and environmental factors [Sullivan, 2005]. Recent GWASs [Athanasiu
et al., 2010; Djurovic et al., 2010] have identified genetic risk
variants for SCZ, but the findings explain only a small fraction
of the estimated heritability, which is around 80% [Cardno
and Gottesman, 2000]. One hypothesis is that gene × gene
interactions may be the cause of the missing heritability. We
applied the proposed method to a GWAS on SCZ, and discovered the occurrence of some potential gene × gene joint
action. Our analysis results for SCZ illustrate the substantial
advantages of our approach in terms of both computational
intensity and statistical power.

Method
We consider the case-control studies, and the causal gene ×
gene joint action of two loci with two alleles is assumed. The
two alleles at the two loci are denoted by E and e, and F or f,
respectively, and we used p aE F |E F and p uE F |E F to indicate the
frequencies of the phase-known genotype (EF|EF) in cases
and controls, respectively. It should be noted that a and u as
superscripts are used to indicate cases and controls, respectively. We considered pE and pF as allele frequencies in the
population, and p aE (p uE ) and p aE E (p uE E ) as allele and genotype frequencies, respectively, in cases (controls). We denote
the joint frequency at two different gametes in cases and controls by p aE :F and p uE :F , respectively. aE F = p aE F – p aE · p aF
and uE F = p uE F – p uE · p uF are the amounts of LD in cases
and controls. Because LD is usually not observed, we consider the composite LD [Weir, 1996; Zaykin, 2004] and the
composite LDs in cases and controls are denoted as δaE F =
p aE F + p aE :F – 2p aE · p aF and δuE F = p uE F + p uE :F – 2p uE · p uF , respectively. We denote the amount of single-locus level and
haplotype-level HWD for the cases by D aE = p aE E – 2p aE p aE
and D aE F |Ef = p aE F |Ef – 2p aE F p aEf , respectively. The numbers
of cases and controls are assumed to be na and nu , respectively.
Analysis of gene × gene joint action typically tests the
homogeneity of genotype frequencies in cases and controls.
There are 9 and 10 different genotypes at two SNPs when
the genotypes are unphased and phased, respectively, and the
differences in the two-locus genotype frequencies between
cases and controls suggest the presence of gene × gene joint
action, a special case of which could be single gene action.
Therefore, the presence of gene × gene joint action can be
Genetic Epidemiology, Vol. 38, No. 1, 60–71, 2014
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detected by comparing the two-locus genotype frequencies.
In particular, when genotypes are phased, the null hypothesis
for any joint action analysis is as follows:
H0 : p aE F |E F = p uE F |E F , . . . , p aef |ef = p uef |ef .
The corresponding null hypothesis for the phase-unknown
genotypes can be simply constructed. This null hypothesis is equivalent to the following null hypothesis under a
transformation [Won and Elston, 2008]:
H0 : p aE = p uE , p aF = p uF , aE F = uE F ,
D aE F |Ef = D uE F |Ef , . . . , D aeF |ef = D ueF |ef .
Here, nine components that comprise the two minor allele
frequencies, six components for the level of haplotype HWD,
and one component for the level of LD are required to test the
equivalence of the phased genotype frequencies, and they can
be categorized into three types of informative components
for association analysis [Won and Elston, 2008]: the allele
frequency, the amount of HWD, and the level of LD. Under
this transformation, general gene × gene joint action can be
detected by comparing the differences in these three types of
components instead of the two-locus genotype frequencies.
In the proposed null hypothesis, however, the haplotype
is often not available, and estimating haplotype frequencies
for the two loci increases the additional computational complexity. Consequently, we consider the amount of single-locus
level HWD instead of haplotype-level HWD, and composite
LD [Wang et al., 2007; Won et al., 2009a; Zaykin, 2004] for the
computation of aAB and uAB . Furthermore, because HardyWeinberg equilibrium (HWE) at each marker and linkage
equilibrium (LE) between two markers are usually preserved
in a population and cases are often less common than controls, HWE and LE tests computed in cases often constitute a
more efficient approach than testing the different amounts of
HWD and LD between cases and controls [Wang and Shete,
2008; Won and Elston, 2008]. The following testing strategy
therefore seems to be justified. If the results for the tests for
HWE and LE in controls are not significant, we propose to
use tests for HWE and LE only in cases; if they are significant,
the amounts of HWD or LD in cases and controls have to be
compared. Consequently, when HWE and LE are preserved
in controls, we consider the following null hypothesis:
H0 : p aE = p uE ,

p aF = p uF , D aE = D aF

= δE F =
a

0

vs H1 : not H0 .

If two markers are linked and the HWE at each locus is not
preserved in controls, the null hypothesis is equivalent to the
following:
H0 : p aE = p uE , p aF = p uF , D aE = D uE , D aF = D uF ,
δaE F = δuE F

vs H1 : not H0 .

For statistical testing under this null hypothesis, we first
calculated the statistics for each equality and then combined
their P-values into a single statistic. When HWE and LE
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were preserved in controls, our individual statistics for each
equality in the null hypothesis were as follows:
 a
2
 a
2
p̂ E – p̂ uE
p̂ F – p̂ uF
1
1
 , TF =
,


TE =
var p̂ aE – p̂ uE
var p̂ aF – p̂ uF
 a 2
 a 2
 a 2
D̂ E
D̂ F
δ̂E F
2|a
2|a
3|a
 a  , TF =
 a  , TE F =
TE =
 .
var D̂ E
var D̂ F
var δ̂aE F
Here the variances in the amount of HWD and composite
LD under HWE and LE [Weir, 1996] can be calculated as
follows:
  1  a 2 
2
var D̂ aE =
p E 1 – p aE ,
na
 

 a 
1 a
p E 1 – p aE p aF 1 – p aF .
var δ̂E F =
2na
When HWE and LE are not guaranteed in controls, we
should test the homogeneity of the level of the HWD and LD
2|a
2|a
3|a
between cases and controls, rather than TE , TF , and TE F :
 a
2
 a
2
D̂ E – D̂ uE
D̂ F – D̂ uF
2

,
 a

,
T
=
TE2 =
F
var D̂ E – D̂ uE
var D̂ aF – D̂ uF
 a
2
δ̂E F – δ̂uE F
3
TE F =
.

var δ̂aE F – δ̂uE F
After we calculated these statistics, the second step of our
approach was to provide overall inference based on these derived individual statistics. Although the most powerful test
can be constructed when some information is available about
effect sizes [Won et al., 2009b], there does not exist the uniformly most powerful method for combining P-values of
different test statistics [Birnbaum, 1954]. We decided to use
Fisher’s method in this study because this method has been
shown to be the most efficient approach in terms of Bahadur’s
relative efficiency [Little and Folks, 1971]. Therefore, we propose the following overall test statistic to test for the presence
of a gene × gene joint action. Under HWE and LE in the
2|a
2|a
3|a
population, the test statistics, TE1 , TF1 , TE , TF , and TE F are
mutually independent [Won and Elston, 2008], and Fisher’s
method can be used to combine these statistics. Therefore,
2|a
2|a
3|a
if we denote their P-values by P E1 , P F1 , P E , P F , and P E F ,
respectively, our overall statistic under HWE and LE in the
population becomes

2|a
2|a
3|a 
–2 log P E1 + log P F1 + log P E + log P F + log P E F
∼ χ2 (df = 10) under H0 ,
and they are denoted as FIS1 . In the absence of HWE or LE,
we cannot guarantee their independence, and in this case, or
when the sample sizes are small, permutation tests have to be
used to maintain the correct significance level of the overall
test statistic. If we consider the P-values for TE2 , TF2 , and TE3 F
as P E2 , P F2 , and P E3 F , respectively, we can calculate –2[logP E1
+ logP F1 + logP E2 + logP F2 + logP E3 F ] for both the original and
permuted samples, and that from the original sample needs to

be compared with those from permuted samples to calculate
the empirical P-value.
When detection of only a statistical gene × gene interaction that is orthogonal to the main effects is required, inference with the proposed overall statistic is not valid because
a difference in minor allele frequencies by itself can generate
significant results. Therefore, it is better to consider only TE3 F
3|a
3|a
or TE F . Notably, var(δ̂aE F ) and var(δ̂uE F ) for TE3 F and TE F in
the presence of marginal effects are affected by the disease
mode of inheritance. For instance, even when HWE and LE
are present in the population, the presence of dominant or
recessive disease effects generates HWD in cases and conˆ uE F in the absence
ˆ aE F and 
trols, and then the variances of 
of gene × gene interaction are respectively shown by Weir
[Weir, 1996] as follows:


 


 
1  a
p E 1 – p aE + D aE p aF 1 – p aF + D aF ,
var δ̂aE F =
2na

 


 u 
1  u
p E 1 – p uE + D uE p uF 1 – p uF + D uF .
var δ̂E F =
2nu

Results
Simulation Studies for Joint Action Analysis
All possible two-locus models can be explained with 50
different models, and in our simulations we considered the 8
typical two-locus models for gene × gene joint action [Dong
et al., 2008], M1–M8 (see Fig. 1): the joint recessive-recessive
model, joint recessive-dominant model, single-gene recessive model, threshold model, modifying-effect model, joint
dominant-dominant model, exclusive OR model, and the diagonal model. The diagonal model is the disease model where
the diagonal elements in the contingency table of two-locus
genotypes have higher risk than the off-diagonal elements
(see Fig. 1). In Figure 1, λ1 and λ2 denote the disease genotype relative risk in the case of low and high risk, respectively,
and λ1 is 1.
We calculated the noncentrality parameters of the statistics
for each equality in the alternative hypothesis for gene × gene
joint action analysis. The disease prevalence and the disease
allele frequency were assumed to be 0.2. We assumed HWE
and LE between two SNPs in the population and, under these
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Figure 1. Eight typical two-locus models. λ1 denotes low-risk genotype combinations and λ2 denotes high-risk genotype combinations. M1, joint

recessive-recessive model (RR); M2, joint recessive-dominant model (RD); M3, single-gene recessive model (1L: R); M4, threshold model (T); M5,
modifying-effect model (Mod); M6, joint dominant-dominant model (DD); M7, exclusive OR model (XOR); M8, diagonal model (Diagonal).
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Figure 2. Noncentrality parameters for T E1 , T E2 , T E2|a , T E3 F , and T E3|aF under M1, M2, . . . , M8. Noncentrality parameters were calculated for the

three types of components under the four gene × gene interaction models (see Fig. 1). The disease allele frequencies for both SNPs were assumed
to be 0.2. The disease prevalence was assumed to be 0.2, and the penetrance for each disease genotype was calculated under the assumed
disease prevalence.

circumstances, it should be noted that the statistics for the
three components are asymptotically mutually independent
[Won and Elston, 2008]. The penetrance for each disease
genotype was calculated under the assumed disease model.
Figure 2 shows the noncentrality parameters for M1–M8.
Our results show that the three types of components are
usually informative for each joint action model except M8.
Furthermore, testing differences in the HWD and LD between
cases and controls is a less powerful approach than testing
HWE and LE in cases alone.
Furthermore, the empirical estimates of type-1 error and
power were calculated with the simulated data. The disease
prevalence was assumed to be 0.2. We assumed HWE and LE
in the population. The disease genotypes were generated from
the multinomial distribution and their phenotypes were then
sampled with the penetrances of their genotypes. Sampling
was repeated until the given numbers of cases and controls
2|a
were obtained. In our simulation, FIS1 combines P E1 , P F1 , P E ,
2|a
3|a
1
2
P F , and P E F with Fisher’s method. FIS combines P E , P F1 ,
P E2 , P F2 , and P E3 F . Table 1 shows the empirical type-1 error
estimates from 5,000 replicates at the 0.1 significance level.
In Table 1, we assumed the disease genotype relative risks
λ1 = λ2 = 1 for any combination of two SNPs. The disease allele
frequencies for the two disease loci were randomly generated
from the uniform distribution U(0.1, 0.9). Our results show
that there is no evidence of inflation for the proposed methods
for detecting joint action.
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The empirical power estimates at the 0.01 significance level
have been shown in Figure 3. In our simulations, we considered nine different joint action models, that is, M1–M9. For
M1–M8, the joint action models are shown in Figure 1, and λ2
was assumed to be 1.5. For M9, the disease genotype relative
risks for each two-locus genotype were randomly sampled
from the uniform distribution U(1, 1.5). In particular, the
detectable relative risks for 80% power by using FIS1 for M1–
M8, for the case illustrated in Figure 3, are 7.9, 2.4, 1.7, 1.9,
1.6, 1.4, 1.5, and 1.6, respectively, which indicates that M1
contrary to the other disease models have low power because
only one genotype has high relative risk. For disease allele
frequencies, we assumed that pE = pF = 0.2, but we found that
the results for other disease allele frequencies were similar.
For comparison with the traditional methods, the generalized

Table 1. Empirical type-1 error at the 0.1 significance level
N
1,000
2,000
3,000

3|a

TE F

TE3 F

FIS1

FIS2

0.103 ± 0.009
0.099 ± 0.008
0.096 ± 0.008

0.116 ± 0.009
0.099 ± 0.008
0.09 ± 0.008

0.098 ± 0.008
0.108 ± 0.009
0.099 ± 0.008

0.114 ± 0.009
0.096 ± 0.008
0.097 ± 0.008

The empirical type-1 errors at the 0.1 significance level and 95% confidence intervals
were calculated from 5,000 replicates. Cases (na = 1,500) and controls (nu = 1,500) were
generated, and the disease allele frequencies for the two disease loci were randomly
2|a
generated from the uniform distribution U(0.1, 0.9). FIS1 combines P E1 , P F1 , P E ,
2|a
3|a
1
1
2
2
2
P F , and P E F with Fisher’s method and FIS combines P E , P F , P E , P F , and P E3 F .

Figure 3. Empirical power estimates at the 0.01 significance level for gene × gene joint action analysis. Empirical power for various values of

λ2 was estimated with 5,000 replicates at the 0.01 significance level. The disease allele frequencies for two disease SNPs were assumed to be
2|a
2|a
3|a
0.3 and 0.1, respectively. The disease prevalence was assumed to be 0.2. FIS1 combines P E1 , P F1 , P E , P F , and P E F with Fisher’s method, and
3
1
1
2
2
2
1
1
FIS combines P E , P F , P E , P F , and P E F . LRT1 (LRT2 ) indicates the likelihood ratio test that compares the linear interaction model in logistic
regression with the intercept model (the linear model). For LRT1 2 and LRT2 2 , dummy variables are utilized, and both indicate the likelihood ratio
tests that compare the linear interaction model in logistic regression with the intercept model and the linear model, respectively.

linear model for a binary trait with a logit link was considered.
LRT1 1 indicates the likelihood ratio test that compares the linear interaction model in logistic regression with the intercept
model, and in LRT2 1 the linear interaction model in logistic
regression has been compared with the linear model without
the interaction terms. Therefore, under the null hypothesis,
LRT1 1 follows the chi-square distribution with three degrees
of freedom, and LRT2 1 follows the chi-square distribution
with one degree of freedom. For LRT1 2 and LRT2 2 , dummy
variables are utilized for each two-locus genotype score instead of additive genotype scores. The linear model with nine
dummy variables, one for each genotype, in logistic regression is compared with the intercept model for the former,
and with the linear model without interaction terms for the
latter. Therefore, LRT1 2 and LRT2 2 indicate likelihood ratio
tests with eight and four degrees of freedom, respectively.
FIS1 seems to generally be the most powerful approach
(Fig. 3), although the most powerful approach varies depending on gene × gene joint action model. In particular,
FIS1 usually performs better than FIS2 , and this indicates that
testing HWE and LE in cases is more efficient than testing the
differences in HWE and LE between cases and controls. Comparison of FIS1 with T3|a showed the power improvement
of the overall statistics compared to the individual statistic,

T3|a . The results for M9 indicate that the proposed method
is more informative than the other methods when the twolocus genotype effects are randomly assigned. LRT1 2 (LRT2 2 )
is usually more efficient than LRT1 1 (LRT2 1 ), and the gene
× gene joint action model using dummy variables for each
two-locus genotype score seems to be better than additive
genotype scoring. These results suggest that for many gene
× gene joint action models, the overall differences between
cases and controls are captured by the proposed statistic and
that the individual statistics for the marginal effects are also
informative for detecting gene × gene joint action. The logistic regressions simply compare the differences between the
joint disease genotype frequencies, but their performance can
be affected by the genotype scoring.
Simulation Studies for Statistical Gene × Gene Interaction
The empirical type-1 error and power estimates for statistical gene × gene interaction analysis were also evaluated with
the simulated data. The disease prevalence was set to 0.2, and
HWE and LE in the population were assumed at the disease
locus. We assumed that both pE and pF were 0.2. The disease
genotypes were generated from a multinomial distribution,
and their phenotypes were then sampled with the penetrance
Genetic Epidemiology, Vol. 38, No. 1, 60–71, 2014
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Table 2. Empirical type-1 error at the 0.1 significance level
3|a

TE3 F

TE F
Disease mode of inheritance

λ2

HWE

HWD

HWE

HWD

LRT2 1

LRT2 2

WALD1 2

Recessive

2
3
4

0.1222 ± 0.0092
0.1364 ± 0.0097
0.1482 ± 0.0100

0.0980 ± 0.0084
0.0972 ± 0.0084
0.1000 ± 0.0085

0.1178 ± 0.0091
0.1150 ± 0.0090
0.1244 ± 0.0093

0.1094 ± 0.0088
0.0988 ± 0.0084
0.1064 ± 0.0087

0.1026 ± 0.0086
0.0890 ± 0.0081
0.0766 ± 0.0075

0.1150 ± 0.0090
0.1008 ± 0.0085
0.1022 ± 0.0086

0.1018 ± 0.0086
0.0880 ± 0.0080
0.0758 ± 0.0075

Dominant

2
3
4

0.0794 ± 0.0076
0.0654 ± 0.0070
0.0486 ± 0.0061

0.1052 ± 0.0087
0.1100 ± 0.0088
0.1064 ± 0.0087

0.0946 ± 0.0083
0.0806 ± 0.0077
0.0706 ± 0.0072

0.1066 ± 0.0087
0.1024 ± 0.0086
0.1044 ± 0.0086

0.1142 ± 0.0090
0.1328 ± 0.0096
0.1360 ± 0.0097

0.1146 ± 0.0090
0.1124 ± 0.0089
0.1156 ± 0.0090

0.1138 ± 0.0090
0.1320 ± 0.0096
0.1348 ± 0.0097

The empirical type-1 error at the 0.1 significance level was calculated from 5,000 replicates. 1,500 cases and 1,500 controls were generated and the disease allele frequencies for
the two disease loci were randomly generated from the uniform distribution U(0.1, 0.9). LRT2 1 indicates the likelihood ratio test that compares the linear interaction model in
logistic regression with the linear model. For LRT2 2 , dummy variables are utilized and it indicate the likelihood ratio tests that compare the linear interaction model in logistic
regression with the linear model. WALD1 2 indicates the Wald test for the coefficient of statistical gene × gene interaction in an additive genotype scoring.

Figure 4. Empirical power estimates at the 0.01 significance level for gene × gene statistical interaction analysis. Empirical powers for various
λ2 were estimated with 5,000 replicates at the 0.01 significance level. The disease allele frequencies for two disease SNPs were assumed to be 0.2
and 0.2, respectively. The disease prevalence was assumed to be 0.2. M3 was excluded because it assumes that there is a single gene effect.

for each genotype. Sampling was repeated until 1,500 cases
3|a
and 1,500 controls were obtained. We considered P E F , P E3 F ,
LRT2 1 , and LRT2 2 for gene × gene interactions, and var(δ̂aE F )
3|a
and var(δ̂uE F ) in P E F and P E3 F were calculated under both the
presence and absence of HWE. In addition, we considered
the Wald test for the coefficient of the statistical gene × gene
interaction term in the logistic regression, and it was denoted
by WALD21 .
For statistical validity, we assumed the presence of the
marginal genetic effects in the absence of statistical gene ×
gene interactions; inference regarding the statistical gene ×
gene interaction term should not be affected by the presence
of marginal genetic effects. Even when HWE is preserved
in the population, the HWE in cases is not preserved at a
disease locus with a dominant or recessive marginal genetic
effect [Won and Elston, 2008], and both disease models were
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considered in our simulation studies. We assumed that E
was a disease allele, and the high disease-genotype risk, λ2 ,
for the marginal genetic effect was assumed to be 1.5. We
calculated the empirical type-1 error estimates from 5,000
replicates at the 0.1 significance level (Table 2). The results
3|a
show that P E F and P E3 F always preserve the significance level
a
if var(δ̂E F ) and var(δ̂uE F ) are calculated under HWD but that
the empirical type-1 errors are inflated otherwise. The empirical type-1 error estimates have been slightly inflated for
LRT2 1 , LRT2 2 , and for WALD1 2 under the dominant marginal
effect model, and these statistics appear to be affected by the
presence of marginal effects. We also calculated the empirical
power estimates (Fig. 4). M1–M9, excluding M3, were considered, because M3 has no gene × gene interaction effect.
Our results show that LRT2 2 with four degrees of freedom
3|a
is the most efficient and it is followed by P E F . However, the

parameterization for LRT2 2 includes the marginal genetic effect because the empirical type-1 error rate estimates have
not preserved the nominal significance level and the computation of the log-likelihood ratio test for logistic regression
3|a
is known to be intensive. Therefore P E F can be a reasonable alternative for gene × gene interaction analysis at the
genome-wide scale.
Data Analysis
We applied the proposed method to the German-Dutch
GWAS on SCZ. The details of the study are provided in
the Appendix. Because heterogeneity between the Dutch
and German subjects was observed in the sample, the
individual statistics for each equality in our null hypothesis
were calculated separately for each group, i.e., Dutch samples
vs. German samples. The tests of HWE in both cases and controls were used for quality-control purposes. Therefore, even
though the tests of HWE in cases are informative to detect
the joint action, these were not informative in our situation,
and we did not include them in the overall statistics, because
all SNPs with small P-values for the HWE test were excluded
from the analysis. In addition, we focused on unlinked mark3|u
ers. Pairs of markers were considered as being linked if TE F

for the pairs of SNPs are significant at the 0.05 significance
level, and they were excluded from the analysis. For unlinked
3|a
markers, we used TE F to detect the gene × gene interaction
3|u
3|a
and it should be noted that TE F and TE F are independent. If
we let the subscripts Dutch and German distinguish the Pvalues for Dutch samples and German samples, respectively,
our overall statistic, FIS1 , is

–2 log P E1 ,Dutch + log P E1 ,G erman + log P F1 ,Dutch

3|a
3|a
+ log P F1 ,G erman + log P E F ,Dutch + log P E F ,G erman ,
which follows the chi-square distribution with 12 degrees
of freedom under H0 . We also confirmed the presence of
population admixture by estimating the amount of variance
inflation for TE1 . Our qq plots in Figure 5 show evidence for
conservativeness of the statistics, and genomic control was
3|a
applied to TE1 . TE F has been shown to be robust against the
presence of population stratification [Zhao et al., 2006].
The results of our analysis are shown in Table 3. In our analysis, the number of statistics being tested was around 3.56 ×
1010 , and our genome-wide significance level was 1 × 10–12 .
The gene × gene joint action analysis by logistic regression
at the genome-wide scale is computationally very intensive,
and therefore, it was applied to only the top 15 pairs of SNPs

Figure 5. qq plot of T E1 . The original P-values from T E1 for Germany samples are used for the qq plot (A) and genomic control is applied for plot
(B). The original P-values from T E1 for Dutch samples are used for qq plot (C) and genomic control is applied for plot (D).
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Table 3. Application to SCZ
SNP1
rs5765930
rs1776161
rs2487504
rs2160906
rs1476644
rs228904
rs1614778
rs9354442
rs2160906
rs4717104
rs228904
rs10099863
rs11779840
rs4717104
rs9513475

chromosome position (kb)
22
1
10
22
7
22
11
6
22
7
22
8
8
7
13

43,494
240,136
44,575
35,823
3,894
35,825
31,911
67,323
35,823
72,784
35,825
98,944
103,606
72,784
98,189

Gene

SNP2

PPR
EXO1
EIEF2AP4
TMPRSS6
SDK1
TMPRSS6
PAX6
Intergenic
TMPRSS6
STX1A
TMPRSS6
RPS23P1
POU5F1
STX1A
SLC15A1

rs10812774
rs4643
rs1381462
rs9951150
rs3755930
rs9951150
rs932012
rs450092
rs2051293
rs9870965
rs2051293
rs6790564
rs10110783
rs2526421
rs3751379

chromosome position (kb)
9
1
3
18
4
18
4
3
18
3
18
3
8
3
13

28,284
63,898
160,002
50,972
1,227
50,972
140,916
21,433
50,969
62,048
50,969
32,117
10,3147
62,046
38,486

3|a

Gene

pEF

FIS1

LRT1 1

LRT2 1

LRT1 2

LRT2 2

LINGO2
PGM1
MFSD1
TCF4
CTBP1
TCF4
MAML3
VENTXP7
TCF4
PTPRG
TCF4
CMTM8
NCALD
PTPRO
PROSER1

1.70·10–6
6.12·10–6
7.41·10–7
2.76·10–5
1.44·10–8
2.76·10–5
5.01·10–4
2.26·10–7
2.50·10–6
1.94·10–4
2.50·10–6
3.46·10–7
7.13·10–12
2.01·10–4
1.10·10–7

1.25·10–10
2.33·10–10
2.46·10–10
2.77·10–10
2.85·10–10
3.03·10–10
3.43·10–10
3.91·10–10
4.13·10–10
4.26·10–10
4.52·10–10
4.78·10–10
4.88·10–10
5.28·10–10
5.67·10–10

4.32·10–5
1.08·10–4
1.15·10–2
5.84·10–6
3.06·10–2
4.74·10–6
6.61·10–3
7.56·10–8
1.98·10–4
8.83·10–11
1.63·10–4
3.87·10–4
9.56·10–6
1.17·10–10
6.78·10–2

1.69·10–3
1.77·10–5
5.83·10–1
9.05·10–2
3.07·10–1
1.00·10–1
1.38·10–2
5.49·10–5
1.99·10–1
7.93·10–4
2.31·10–1
5.95·10–5
1.62·10–6
7.94·10–4
8.59·10–1

7.60·10–2
6.24·10–5
9.89·10–1
4.92·10–1
7.79·10–1
4.94·10–1
1.84·10–1
2.61·10–3
8.02·10–1
1.68·10–2
8.34·10–1
3.34·10–3
1.64·10–4
1.66·10–2
3.66·10–1

3.61·10–4
6.86·10–4
1.96·10–1
5.39·10–4
1.95·10–1
4.33·10–4
1.07·10–1
1.68·10–5
1.13·10–2
1.14·10–8
9.78·10–3
1.85·10–2
9.86·10–4
1.45·10–9
1.65·10–1

2|a

2|a

3|a

The proposed method was applied to SCZ, and the top 15 pairs of SNPs are shown. FIS1 combines P E1 , P F1 , P E , P F , and P E F with Fisher’s method, and FIS2 combines P E1 , P F1 ,
P E2 , P F2 , and P E3 F . LRT1 1 (LRT2 1 ) indicates the likelihood ratio test that compares the linear interaction model in logistic regression with the intercept model (the linear model).
For LRT1 2 and LRT2 2 , dummy variables were utilized, and both indicate the likelihood ratio tests that compare the linear interaction model in logistic regression with the
intercept model and the linear model, respectively. The position for each SNP is provided by NCBI reference build 36.3.

selected by FIS1 . These selected pairs of SNPs were analyzed
3|a
by TE F , FIS1 , LRT1 1 , LRT2 1 , LRT1 2 , and LRT2 2 . None of
them was significant at the genome-wide level (Table 3). The
most significant results for FIS1 were from the pair rs5765930
and rs10812774 [Liu et al., 2012]. rs5765930 is located in the
region of the genes PRR5 and LOC553158, and it is in chromosome 22q13.31, a region in which evidence for linkage to
SCZ has been reported [Liu et al., 2012]. rs10812774 is located
in the vicinity of LIGO2 in chromosome 9, and rs10812774
has been reported to be associated with other neurologic
diseases such as essential tremor and Parkinson’s disease
[Wu et al., 2011]. Among SNPs in the most significant 15
SNP pairs, EIEF2AP4, PAX6, STX1A, POU5F1P2, SLC15A1,
TCF4, and CTBP1 have been reported to be related with
SCZ [Chiang et al., 2011; Chu et al., 2009; Thwaites and Anderson, 2007; Tsuang et al., 2005; Zhu et al., 2013]. PTPRG,
NCALD, CMTM8, and PGM have been reported to be related with neurologic diseases or psychopathy [Baldi et al.,
1993; Csutora et al., 2006; LeBlanc et al., 2012; Weber et al.,
3|a
2011]. In particular, P E F is 7.13 × 10–12 for rs11779840 and
rs10110783 and the statistical gene × gene interaction is suspected for this pair. The LRT1 1 for rs4717104 and rs9870965
is 8.83 × 10–11 but this significance can be invalid because of
the population admixture and some modification is necessary. These pairs of SNPs will be further investigated in our
follow-up studies.

Discussion
In this study, we proposed a new statistical method to
detect gene × gene joint action based on three types of components. There is no uniformly most powerful method for
the analysis of gene × gene joint action; however, our results
show that the proposed method performs better than logistic regression under the considered gene × gene joint action
model. When the relative risk for each genotype is randomly
generated, it was shown that the proposed method performs
well, which indicates that the proposed method may be an
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efficient choice for gene × gene joint action when no prior
knowledge is available about the interaction model. In particular, we assumed no haplotype effects in our simulations.
If there are haplotype effects, the performance of the proposed method may improve because our LD test focuses on
the co-occurrence of two alleles in the same haplotype.
The proposed method is computationally fast. For instance,
our analysis of the SCZ study was completed in a week for a
cluster with six nodes, which involved genome-wide examination of all pairwise joint actions. For 1,000 cases and 1,000
controls with 1,000 pairs of SNPs, the analysis of the proposed
method in the statistical software, R, with Xeon E5649 @2.66
GHz, was completed in 1.7 sec, whereas a logistic regression
with R required more than 34.9 sec. For 5,000 and 10,000
pairs of SNPs, the proposed methods were calculated in
8.5 sec and 16.2 sec, respectively, and the logistic regressions
were in 176.5 sec and 333.5 sec. Because the logistic regression
in R used the embedded C code, the difference may be larger
under the same condition. This shows that our approach
can be used for genome-wide analysis of gene × gene joint
action. To date, many methods for detecting joint action at
a genome-wide level have been investigated. However, most
of them are limited by their computational burden, which
often forces their analysis to be restricted to “select SNPs.”
Although the impact of a screening step for gene × gene interaction has not been carefully investigated, we expect that
two-stage analysis approaches, for instance, for MDR, can
lead to a substantial drop in efficiency. The computational
simplicity of our approach is a key advantage in the GWAS
context, and the software implemented in C for the proposed
method can be freely downloaded at http://cau.ac.kr/∼swon.
Nevertheless, there exist some limitations in our simulation studies. First, we compared the power of the proposed method only with the logistic regression and the power
comparison results of the proposed method may not readily
generalize. Recently many statistical methods such as MDR
[Ritchie et al., 2001] and Bayesian epistasis association mapping [Zhang and Liu, 2007] have been proposed. Even though

they were not included in the simulation studies, the power
comparison of these methods with logistic regression repeatedly showed that logistic regression was not efficient [Chen
et al., 2011; Wu et al., 2010; Zhang and Liu, 2007]. However, even though the logistic regression for a statistical gene
× gene joint action may not be the most efficient choice of
joint action analysis, it should be noted that the statistical
efficiency for the logistic regression depends on the parameterization of gene × gene interaction model. It was empirically shown that the logistic regression performed the most
efficient when genotypes are coded to reveal the true disease
model [Ueki and Cordell, 2012], and the logistic regression
with nine dummy variables has been shown to be reasonably good [Chen et al., 2011]. Our results also show that the
logistic regression with nine dummy variables for each genotype performed better than the logistic regression with a linear gene × gene interaction model. Therefore, even though
our comparison is limited to the logistic regression, the various choices of parameterization that we selected make our
results reasonable and an exhaustive power comparison with
various approaches will be conducted as our further work.
Second, the proposed method has been applied only to the
biallelic two-way gene × gene joint action model even though
depending on the disease model, for instance, a three-way (or
more) joint action model can be informative. The (composite) LD can be defined for multiple loci with multiple alleles
[Yu and Wang, 2011; Zaykin et al., 2006, 2008], and our
method can be extended to such a situation. For instance,
for three-way joint action model, we can have three tests for
the difference of minor allele frequencies, three tests for the
presence of HWE, three tests for two-locus LE in cases, and
one test for the presence of three-locus LE. However, the efficient way to construct the statistic for joint action analysis
with the three types of components is not clear, and it will
be investigated as our further work. Third, if LE and HWE
are not preserved in controls, the independence of individual
statistics is not guaranteed and the permutation was alternatively suggested. However for the genome-wide interaction
analysis, the significance level is usually very small and thus
permutation-based inference is limited at the genome-wide
scale. These limitations will be investigated as part of our
ongoing research.
Although GWASs have successfully identified many genetic
variants for diseases, missing heritability reveals that the previous finding does not fully explain the genetic background
for many diseases, and it may be partially attributable to the
computational burden in the analysis of the gene × gene joint
action. Our method improves the computational complexity
for the analysis of gene × gene joint action at the genomewide scale while preserving the statistically optimal efficiency,
and therefore it may bridge the gap between statistical and
computational issues for genome-wide studies.
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Appendix
Data Description: Schizophrenia
Samples were obtained from either German or Dutch patients who provided written informed consent. German SCZ
patients (na = 487), who were all of German descent, were
recruited from consecutive hospital admissions. Lifetime best
estimate diagnoses were assigned according to DSM-IV criteria based on structured interviews [First et al., 1994; McGuffin et al., 1991; Spitzer et al., 1978], medical records, and
family history. Best estimate diagnoses were assigned by at
least two experienced psychiatrists/psychologists. The controls were drawn from three population-based epidemiological studies: (i) PopGen [Krawczak et al., 2006] (nu = 490),
(ii) KORA [Wichmann et al., 2005] (nu = 488), and (iii) the
Heinz Nixdorf Recall (HNR, nu = 383) study [Schmermund
et al., 2002]. Inpatients and outpatients (na = 804) in the
Netherlands were recruited from various psychiatric hospitals and institutions throughout Utrecht and Rotterdam. All
the patients were diagnosed with the DSM-IV definition of
SCZ. The controls from Utrecht (nu = 704) were volunteers
with no history of psychiatric disorders, and the Rotterdam
control individuals (nu = 2,302) were drawn from a large
population-based project on the genetics of complex traits
and diseases.
The GWAS dataset was provided by analysis at seven
genotyping facilities by using HumanHap550v3 BeadArrays

with the Infinium II assay (Illumina, San Diego, CA, USA).
We developed a protocol of filters for the stringent quality
control of whole-genome and sub-whole-genome datasets
that accounted for issues such as call rates, heterozygosity,
cross-contamination, population stratification, relatedness,
nonrandom missingness, HWE, and minor allele frequency.
The quality-control protocol was applied to a total of 1,291

patients and 4,367 controls for the GWAS step. Consequently,
375 individuals, including 122 patients and 253 controls as
well as 86,037 SNPs, were excluded prior to the association
analysis. Therefore, the final GWAS dataset for gene × gene
interaction analysis comprised 464,030 autosomal SNPs (including PAR1+2), genotyped in 1,169 SCZ patients and 3,714
controls.
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