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Abstract

The goal of this unit is to introduce gene-gene interactions (epistasis) as a significant complicating
factor in the search for disease susceptibility genes. This unit begins with an overview of gene-
gene interactions and why they are likely to be common. Then, it reviews several statistical and
computational methods for detecting and characterizing genes with effects that are dependent on
other genes. The focus of this unit is genetic association studies of discrete and quantitative traits
because most of the methods for detecting gene-gene interactions have been developed
specifically for these study designs.
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INTRODUCTION

One goal of human genetics is to identify genes with specific DNA sequence variations that
increase or decrease susceptibility to disease. Success in this endeavor will depend largely
on the genetic architecture of the disease, which can be defined as the (1) number of genes
that impact disease susceptibility, (2) distribution of alleles and genotypes at those genes,
and (3) manner in which the alleles and genotype impact disease susceptibility (Weiss,
1993). It is anticipated that the genetic architecture of common diseases that represent the
bulk of the public health burden is likely to be very complex (e.g., Moore, 2003; Sing et al.,
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2003; Thornton-Wells et al., 2004; Eichler et al., 2010), i.e., there are likely to be many
susceptibility genes, each with combinations of rare and common alleles and genotypes, that
impact disease susceptibility primarily through nonlinear interactions with genetic and
environmental factors.

There are many phenomena such as phenocopy and locus heterogeneity that contribute to
the complexity of the mapping between genotype and phenotype (Thornton-Wells et al.,
2004). The goal of this unit is to introduce the concept of gene-gene interactions (epistasis)
as a significant complicating factor in the search for disease susceptibility genes. This unit
begins with an overview of gene-gene interactions and why they are likely to be common;
then it reviews several statistical and computational methods for detecting and
characterizing genes with effects that are dependent on other genes. The focus of this unit is
genetic association studies of discrete and quantitative traits (see Weiss, 1993), since most of
the methods for detecting gene-gene interactions have been developed specifically for these
study designs.

WHAT ARE GENE-GENE INTERACTIONS?

The concept of epistasis or gene-gene interaction is not new. In fact, the idea has been
around for at least 100 years and was recognized by early geneticists as an explanation for
deviations from simple Mendelian ratios. William Bateson (1909) has been credited by
Hollander (1955) and more recently by Phillips (1998, 2008) as the first to use the term
epistasis, which literally translated means “resting upon.” A commonly used textbook
definition of epistasis is one gene masking the effects of another gene (e.g., Neel and Schull,
1954; Griffiths et al., 2008). A classic example of epistasis comes from studies of the shape
of seed capsules from crosses of a weedy plant called shepard’s purse (Bursa bursa-
pastoris) by Shull (1914). In this study, crosses from doubly heterozygous plants yielded
Mendelian ratios of fifteen triangular capsules to one oval capsule. It is generally believed
that there are two pathways with dominant loci that lead to the triangular shape. It is only
when both pathways are blocked by recessive alleles that the oval-shaped seed capsule is
produced. This is an example of a recessive-by-recessive interaction since having two
recessive genotypes leads to a different phenotype than with only one from either locus.

The shepard’s purse example from Shull (1914) is an example of biological epistasis, i.e.,
the gene-gene interaction has a biological basis. This is exactly what Bateson (1909) had in
mind when he coined the term. This is in contrast to the concept of statistical epistasis or
epistacy that was first used by Fisher (1918) to describe deviations from additivity in a linear
statistical model. Making biological inferences about epistasis from statistical models can be
difficult (Cordell, 2002; Moore, 2005; Moore and Williams, 2005), although there are some
approaches that take steps towards doing so (e.g., Cheverud and Routman, 1995). Wade et
al. (2001) present useful concepts of biological and statistical epistasis from an alternative,
evolutionary biology perspective.

A simple example of statistical epistasis in the form of penetrance functions is presented in
Table 1.14.1. Penetrance is simply the probability (P) of disease (D) given a particular
combination of genotypes (G) that was inherited, i.e., P[D|G]. The model illustrated in Table
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1.14.1 is an extreme example of epistasis between two single nucleotide polymorphisms
(SNPs) A and B. Let’s assume that AA, aa, BB, and bb have population frequencies of 0.25,
while genotypes Aa and Bb have frequencies of 0.5 (values in parentheses in Table 1.14.1).
What makes this model interesting is that disease risk is entirely dependent on the particular
combination of genotypes inherited. Individuals have a very high risk of disease if they
inherit Aa or Bb but not both (i.e., the exclusive OR function). The penetrance for each
individual genotype in this model is 0.05 and is computed by summing the products of the
genotype frequencies and penetrance values. Thus, in this model there is no difference in
disease risk for each single genotype as specified by the single-genotype penetrance values
(all 0.05). This model is labeled M170 by Li and Reich (2000) in their categorization of
genetic models involving two SNPs and is an example of a pattern that is not linearly
separable. Heritability or the size of the genetic effect is a function of these penetrance
values (e.g., Culverhouse et al., 2002). The model specified in Table 1.14.1 has a heritability
of 0.053, which represents a relatively small genetic effect size. This model is a special case
where all of the heritability is due to epistasis.

WHY ARE GENE-GENE INTERACTIONS LIKELY TO BE COMMON?

Moore (2003) outlines a working hypothesis stating that epistasis is a ubiquitous component
of the genetic architecture of common human diseases. This working hypothesis is based on
both historical and emerging research results.

First, the idea that epistasis is important is not new. As discussed above, the recognition that
deviations from Mendelian ratios are due to interactions between genes has been around for
nearly 100 years. This is important because it is an idea that has prevailed through time and
is still recognized today.

Second, the ubiquity of biomolecular interactions in gene regulation and biochemical and
metabolic systems suggests that the relationship between DNA sequence variations and
clinical endpoints is likely to involve gene-gene interactions. This is perhaps the most
important piece of evidence supporting the working hypothesis. For example, transcription
of any given eukaryotic gene can be regulated by as many as 100 or more different proteins
that act through protein-protein and protein-DNA interactions. It is likely that these
biomolecular interactions are mediated by DNA sequence variations in the genes that
encode the individual proteins.

Third, positive results from studies of single polymorphisms typically do not replicate across
independent samples. This is true for both linkage and association studies. For example,
Hirschhorn et al. (2002) reviewed more than 600 association studies for consistency of
results. Of those in which the same polymorphism had been studied in three or more
independent samples, there were only six results that were consistently replicated. While
many of these conflicting reports arose from inadequately powered or designed studies, the
majority of the conflicting results cannot be explained. Moore and Williams (2002) suggest
that one reason studies of single polymorphisms typically do not replicate across
independent samples is because gene-gene interactions are more important.
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Fourth, gene-gene interactions are commonly found when properly investigated (see
Templeton, 2000).

Why is epistasis so difficult to detect? What is the proper way to detect epistasis? These
questions are addressed in the next several sections.

WHY ARE GENE-GENE INTERACTIONS DIFFICULT TO DETECT?

Epistasis is difficult to detect and characterize using traditional parametric statistical
methods such as linear and logistic regression because of the sparseness of the data in high
dimensions. That is, when interactions among multiple polymorphisms are considered, there
are many multilocus genotype combinations that have very few or no data points. For
example, with two SNPs that each has three genotypes, there are nine two-locus genotype
combinations (e.g., Table 1.14.1). In the case of three SNPs, there are 27 three-locus
genotype combinations. Thus, as each additional SNP is considered, the humber of
multilocus genotype combinations goes up exponentially. The result of this added
dimensionality is that exponentially larger sample sizes are needed to have enough data to
estimate the interaction effects. This phenomenon has been referred to as the curse of
dimensionality (Bellman, 1961); for methods such as logistic regression, it can lead to
parameter estimates that have very large standard errors, resulting in an increase in type |
errors (see APPENDIX 3M) Concato et al., 1993; Peduzzi et al., 1996; Hosmer and
Lemeshow, 2000).

In addition, detecting gene-gene interactions using traditional procedures for fitting
regression models can be problematic, leading to an increase in type Il errors and a decrease
in power (see APPENDIX 3M). For example, forward selection (see Neter, 1990) is limited
because interactions are only tested for those variables that have a statistically significant
independent main effect. Those DNA sequence variations that have an interaction effect, but
no or minimal main effect, will be missed. With backward elimination (see Neter, 1990), a
complete model that includes all main effects and all interaction terms may require too many
degrees of freedom. Stepwise procedures are more flexible than either forward selection or
backward elimination, but can also suffer from requiring too many degrees of freedom.
Detecting interactions among variables is a well-known challenge in statistics and data
mining (Freitas, 2001).

METHODS FOR DETECTING GENE-GENE INTERACTIONS IN
ASSOCIATION STUDIES OF DISCRETE TRAITS

Logistic Regression

Logistic regression is the workhorse of modern epidemiology. This approach is popular
because it produces outputs in the range of 0 to 1 that can be used with a threshold to model
discrete endpoints such as case-control status. Logistic regression models the probability of
disease (p) as a linear function of independent variables (see Hosmer and Lemeshow, 2000;
Kleinbaum and Klein, 2002). A logit transformation of p, In[p/(1 — p)], is used to prevent p
from taking on values less than zero or greater than one. By expressing the linear function in
terms of exponentials, p can be modeled as p = (€% * PX)/(1 + e* * PX), where eiis the
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exponential, a and {3 are regression coefficients (i.e., parameters), and X is an independent
variable. For a discrete independent variable such as a polymorphism, an odds ratio relating
genotypes to probability of disease can be estimated from €*. The independent main effects
of two polymorphisms, A and B, can be modeled as p = (e€**P1AH2B)/(1+e0+B1A*B2B) The
interaction between A and B can be modeled by adding a product term of the form $3AB to
the equation. A test of the null hypothesis of no interaction can be carried out by testing
whether 3 = 0. Rejection of this null hypothesis provides evidence for an interaction on a
multiplicative scale.

The advantage of logistic regression is that interactions can be modeled relatively easily, the
statistical theory is very well characterized, and the approach can be implemented on a
standard desktop computer using a variety of freely and commercially available statistical
packages. As described in the above section, an important disadvantage is that very large
sample sizes are needed to accurately estimate the parameters in the model when there are
many independent variables. Marchini et al. (2005) explored the role of logistic regression
for detecting gene-gene interactions in the presence of independent effects on a genome-
wide scale and found that models that included interactions were more powerful than
traditional main effects models when the interaction effects were large relative to the main
effects.

Several studies provide guidance on evaluating the power of a planned gene-gene interaction
study using logistic regression. For example, the Power program of Garcia-Closas and Lubin
and Gails (1999) allows estimation of sample size and power for two-locus interactions in
both cohort and case-control studies. This program is available for free from http://
dceg.cancer.gov/tools/design/POWER and is relatively easy to use. An additional program
called Quanto is freely available from http://hydra.usc.edu/gxe for estimation of sample size
and power in matched case-control, case-sibling, case-parent, and case-only designs. The
software and methods are described in detail by Gauderman (2002).

Several alternatives to standard logistic regression for discrete clinical endpoints have also
been developed. For example, Hoh et al. (2000) and Hoh and Ott (2001) have developed a
combination of sequential and resampling methods for summing associations statistics to
detect combined effects of multiple SNPs. This approach uses standard statistics in a novel
way to detect multilocus effects. Application of this method to a coronary artery restenosis
case-control data set yielded a highly significant interaction among seven SNPs from seven
different genes (Zee et al., 2002). These associations would not have been identified using
standard logistic regression analysis due to a lack of degrees of freedom for estimating all
the interactions terms. The use of penalized logistic regression (Park and Hastie, 2008;
Winham, 2011) shows some promise for overcoming some of these limitations.

The use of logic functions for defining new variables that can be included in a logistic
regression analysis may also be useful (Kooperberg et al., 2001). Software for logic
regression is freely available as a package for the logistic regression analysis model (R; see
http://www.r-project.org). The focused interaction testing framework (FITF) of Millstein et
al. (2006) provides a staged likelihood ratio-based approach to detecting interactions using
logistic regression. The FITF software is freely available from http://hydra.usc.edu/fitf.
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Multifactor Dimensionality Reduction

An alternative and complimentary method to logistic regression, reviewed by Cordell
(2009), is multifactor dimensionality reduction (MDR). MDR was developed as a
nonparametric (i.e., no parameters are estimated) and genetic-model-free (i.e., no genetic
model is assumed) data mining strategy for identifying combinations of discrete genetic and
environmental factors that are predictive of a discrete clinical endpoint (Ritchie et al., 2001,
2003; Hahn et al., 2003; Hahn and Moore, 2004; Moore, 2004, 2007; Moore et al., 2006;
Velez et al., 2007). Unlike most other methods, MDR was designed to detect interactions in
the absence of detectable main effects and thus complements approaches such as logistic
regression.

At the heart of the MDR approach is a feature or attribute construction algorithm that creates
a new variable or attribute by pooling, e.g., genotypes from multiple SNPS. The process of
defining a new attribute as a function of two or more other attributes is referred to as
constructive induction or attribute construction and was first developed by Michalski (1983).
Constructive induction using the MDR kernel is accomplished in the following way. Given a
threshold T, a multilocus genotype combination is considered high-risk if the ratio of cases
(subjects with disease) to controls (healthy subjects) exceeds T; otherwise, it is considered
low-risk. Genotype combinations considered to be high-risk are labeled Gy while those
considered low-risk are labeled Gg. This process constructs a new one-dimensional attribute
with levels Gg and Gj. It is this new single variable that is assessed using any classification
method. The MDR method is based on the idea that changing the representation space of the
data will make it easier for a classifier such as a decision tree or a naive Bayes learner to
detect attribute dependencies (see Hastie et al., 2001). Open-source software in Java and C
are freely available from http://www.epistasis.org.

Consider the simple example presented above and in Table 1.14.1. This penetrance function
was used to simulate a data set with 200 cases (diseased subjects) and 200 controls (healthy
subjects) for a total of 400 instances. All attributes in these data sets are categorical. The
SNPs each have three levels (0, 1, 2) while the class has two levels (0, 1) that code controls
and cases. Figure 1.14.1A illustrates the distribution of cases (left bars) and controls (right
bars) for each of the three genotypes of SNP1 and SNP2. The dark-shaded cells have been
labeled “high-risk” using a threshold of T = 1. The light-shaded cells have been labeled
“low-risk.” Note that when considered individually, the ratio of cases to controls is close to
1 for each single genotype. Figure 1.14.1B illustrates the distribution of cases and controls
when the two functional SNPs are considered jointly. Note the larger ratios that are
consistent with the genetic model in Table 1.14.1. Also illustrated in Figure 1.14.1B is the
distribution of cases and controls for the new single attribute constructed using MDR. This
new single attribute captures much of the information from the interaction and could be
assessed using logistic regression, for example.

Since its initial description by Ritchie et al. in 2001, numerous extensions and variations on
the MDR method have been developed, including, for example, the incorporation of odds
ratios (Chung et al., 2007) and Fisher's exact test (Gui et al., 2011) to increase model
robustness, the implementation of generalized linear models (Lou et al., 2007) and other
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model based methods (Calle et al., 2008, 2010) that can accomodate discreet and continuous
outcomes, entropy-based interpretation methods (Moore et al., 2006), permutation testing
methods (Edwards et al., 2010; Greene et al., 2010a; Pattin et al., 2009), and different
evaluation metrics (Bush et al., 2008; Mei et al., 2007; Namkung et al., 2009a). Methods
have also been developed to handle imbalanced data (Valez et al., 2007), missing data
(Namkung et al., 2009b), sparse or empty cells (Lee et al., 2007), covariate adjustment (Lou
etal., 2007, Calle et al., 2008, Gui et al., 2011) and family data (Cattaert et al., 2010; Lou et
al., 2008; Martin et al., 2006).The MDR method and its variations have been successfully
applied to detecting gene-gene and gene-environment interactions for a wide variety of
different common human diseases and clinical endpoints including, e.g., bladder cancer
(Andrew et al., 2006, 2008; Chen et al. 2007; Huang et al. 2007), amytrophic lateral
sclerosis (ALS) (Green et al., 2010b), and eczema (Mahachie et al., 2010). The MDR
method has also been proposed for studies in pharmacogenetics and toxicogenetics (e.g.,
Wilke et al., 2005).

METHODS FOR DETECTING GENE-GENE INTERACTIONS IN
ASSOCIATION STUDIES OF QUANTITATIVE TRAITS

Linear Regression

Linear regression is a popular choice for modeling quantitative traits because the models are
easy to interpret and there is a well formulated mathematical theory underlying the method.
Linear regression is a parametric statistical approach for modeling a continuous outcome
variable () as a linear function of discrete and/or continuous predictor variables (X3, Xo,
etc.). The linear model relating X to Y looks something like Y = g + p1 X1 + P2Xo + €, where
B is the intercept, 1 and B, are the regression coefficients, and € is the unexplained error in
the model. In this model, the slope or regression of Y on X; is constant across the range of
values for X,. This means that the relationship between Y and X; is independent of X,. Thus,
the effects of the two predictor variables are purely additive. Deviations from additivity (i.e.,
interaction) can be measured by including a product term in the model as seen above for
logistic regression. Here, the term f3X; X, would be added to account for any interaction.
The presence of an interaction term in the linear model allows there to be a different
regression relationship between Y and X; for each value of X,. Thus, the null hypothesis of
no interaction is equivalent to B3 = 0. For genetic studies, it is customary to encode
polymorphisms as dummy variables that specify certain types of genetic effects. Each
polymorphism with N genotypes should be encoded by N — 1 dummy variables. A detailed
description of linear regression methods is given by Neter et al. (1990). The use of linear
regression to test for interactions is presented in detail by Aiken and West (1991). Details
about power calculations for linear regression are provided by Cohen (1988).

As with logistic regression, advantages of linear regression are that interactions can be
modeled relatively easily, the statistical theory is very well characterized, and the approach
can be implemented on a standard desktop computer using a variety of freely and
commercially available statistical packages. However, an important disadvantage is that
very large sample sizes are needed to accurately estimate the parameters in the model when
there are many independent variables. The limitations of linear regression approaches for
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detecting gene-gene interactions have been described by Wabhlsten (1990). Some examples

of using linear regression to detect gene-gene interactions include Hamon et al. (2004) and

Asselbergs et al. (2007). Alternative methods for analyzing quantitative traits include MDR
(Lou, 2007) and the combinatorial partitioning method, which will be discussed in the next
section.

Combinatorial Partitioning Method

The combinatorial partitioning method (CPM) of Nelson et al. (2001) is one of the few
alternatives to linear regression that have been developed. The CPM simultaneously
considers multiple polymorphic loci to identify combinations of genotypes that are most
strongly associated with variation in a quantitative trait. First, all possible multilocus
genotypes are identified, and this multilocus genotype space is divided into partitions
(groups that include one or more of the possible genotypes). The partitions are combined
into sets in which every possible genotype in the multilocus genotype space is included in
one, and only one, of the partitions of that set. Each possible set is then evaluated by two
criterion: 1. if the proportion of explained variability in the quanitiative trait exceeds a
predetermined threshold, using a method based on within- and between-partition variance
(see Nelson, 2001 for details) 2. if the number of observations in each partition exceeds a
pre-determined lower bound, e.g. 5, to ensure sufficient degrees of freedom for reliable
within-partition estimates. Those sets that pass these criteria are then validated using multi-
fold cross-validation (Stone, 1978). From the collection of validated sets, the most predictive
sets are chosen to make inferences about the genotype-phenotype relationships using
methods such as simple linear regression as described above. As with MDR, the partitioning
of CPM serves to collapse the multiple dummy variables needed to encode multiple
polymorphisms and their interactions intofewer variables (i.e., constructive induction),
thereby reducing the dimensionality associated with modeling interactions..

When applied to modeling the relationship between eighteen diallelic loci from six
cardiovascular disease susceptibility genes and interindividual variability in plasma
triglycerides, Nelson et al. (2001) found nonadditive epistatic interactions between multiple
loci. Although preliminary, these results suggest that CPM may be a valuable tool for the
exploratory analysis of nonadditive gene-gene interactions. This is also the conclusion of
Moore et al. (2002a,b), who applied CPM in an exploratory analysis of interactions among
arterial thrombosis candidate genes. While CPM may provide a powerful alternative to
linear regression, there are several important limitations, the most important of which is that
the approach is very computationally intensive, since it must combinatorially sift through
many genotype partitions. To address this limitation, Culverhouse et al. (2004) have
developed the restricted partitioning method (RPM), which restricts the number of genotypic
partitions evaluated. While CPM searches over all possible partitions, RPM only evaluates
those partitions whose genotypes have statistically similar mean values of the quantitative
trait. The reasoning is that partitions with large within-partition variance are unlikely to
explain sufficient variability in the quanitiative trait. Interestingly, this method has been
extended to case-control data and may complement the MDR method discussed earlier
(Culverhouse, 2007, Hua, 2010).
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DETECTING GENE-GENE INTERACTIONS ON A GENOME-WIDE SCALE

Biomedical sciences are undergoing an information explosion and an understanding
implosion. That is, our ability to generate data is far outpacing our ability to interpret it. This
is especially true in the domain of human genetics, where it is now technically and
economically feasible to measure over a million SNPs across the human genome in each
individual. An important goal in human genetics is to determine which of the multitude of
genetic variants are useful for predicting who is at risk for common diseases. This genome-
wide approach was expected to revolutionize the genetic analysis of common human
diseases (Hirschhorn and Daly, 2005; Wang et al., 2005) and quickly replaced the traditional
candidate-gene approach that focuses on several genes selected by their known or suspected
function. The success of GWAS studies in identifying the genetic underpinnings of common
diseases has been limited, however, and some of the unexplained heretability of common
diseases may be explained by gene-gene interactions (Eichler et. al., 2010).

Moore and Ritchie (2004) have outlined three significant challenges that must be overcome
to successfully identify nonadditive gene-gene interactions using a genome-wide approach.
First, powerful data mining and machine learning methods will need to be developed to
statistically model the relationship between combinations of DNA sequence variations and
disease susceptibility. The MDR and CPM approaches were discussed above as alternatives
to logistic and linear regression. A second challenge is the selection of genetic features or
attributes that should be included for analysis. If interactions between genes explain most of
the heritability of common diseases, then combinations of DNA sequence variations will
need to be evaluated from a list of thousands of candidates. Filter and wrapper methods will
play an important role because there are more combinations than can be exhaustively
evaluated. A third challenge is the interpretation of gene-gene interaction models. Although
a statistical model can be used to identify DNA sequence variations that confer risk for
disease, this approach cannot be translated into specific prevention and treatment strategies
without interpreting the results in the context of human biology. Making etiological
inferences from computational models may be the most important and the most difficult
challenge of all (Moore and Williams, 2005).

Combining the concept of nonadditive interaction described above with the challenge of
variable selection yields what Goldberg (2002) calls a needle-in-a-haystack problem. That
is, there may be a particular combination of SNPs that together with the right nonlinear
function are a significant predictor of disease susceptibility. However, individually they may
not look any different than thousands of other SNPs that are not involved in the disease
process and are thus noisy. Under these models, the computational algorithm is truly looking
for a genetic needle in a genomic haystack. A report from the International HapMap
Consortium (Altshuler et al., 2005) suggests that approximately 300,000 carefully selected
SNPs may be necessary to capture all of the relevant variation across the Caucasian human
genome. Assuming this is true (it is probably a lower boundary), one would need to scan 4.5
x 1010 pairwise combinations of SNPs to find a genetic needle. The number of higher-order
combinations is astronomical. Indeed, the current state of the art chips genotype over a
million SNPs, leading to over 5.0 x 1011 pairwise combinations. What is the optimal
approach to this problem?
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Two approaches are generally used to select attributes for predictive models. The filter
approach preprocesses the data by algorithmically or statistically assessing the quality or
relevance of each variable and then using that information to select a subset for
classification. The wrapper approach iteratively selects subsets of attributes for classification
using either a deterministic or stochastic algorithm. The key difference between the two
approaches is that the classifier plays no role in selecting which attributes to consider in the
filter approach. As Freitas (2002) reviews, the advantage of the filter is speed, while the
wrapper approach has the potential to do a better job classifying. Filter strategies, such as
Relief (Kira and Rendell, 1992) and stochastic wrapper strategies such as genetic
programming (Moore and White, 2006, 2007a,b) show promise for attribute selection
(Moore, 2007). Recent extensions that have improved the power of Relief include Tuned
ReliefF (TURF) (Moore et al., 2006), Spatially Uniform ReliefF (SURF) (Greene et al.,
2009), and SURF* (Greene et al., 2010c). The Explicit Test of Interaction can also be used
to pre-select SNPs that are likely to interact with other SNPs in relation to the outcome
(Greene et al., 2010a).

The accumulated biological knowledge about the structure and function of various genes can
also be used to prioritize which genetic variations to analyze and thus reduce the number of
gene-gene interaction tests performed (Moore et. al, 2010). For example, expert knowledge
about Gene Ontology (GO), chromosomal location, protein-protein interactions (Pattin and
Moore, 2008, Emily et. al., 2009), and regulatory networks (Cowper-Sal Lari et. al., 2010)
could all be used as biological filters. Some approaches to integrate expert knowledge into
gene-gene interaction analyses include the Biofilter algorithm presented by Bush et. al.
(2009) and the INTERSNP software package introduced by Herold et. al. (2009). Askland
et. al. (2009) also demonstrated how the exploratory visual analysis (EVA) method can be
used to select SNPs in specific pathways and GO groups. Additional work in this area is
needed.

As sequencing technology advances, it is rapidly becoming feasible to sequence the entire
genome of individuals for genetic analysis studies (Mardis, 2011). With whole genome
sequences, the data available for analyses will grow dramatically and data mining and
machine learning methods will become increasingly essential.

SUMMARY

This unit defines epistasis or gene-gene interaction and provides a rationale for why such
interactions are likely to be common and why they are difficult to detect. Further, the unit
summarizes several traditional and several new statistical and computational methods for
detecting gene-gene interactions in association studies of both discrete and continuous traits.
This brief introduction provides the foundation necessary to better understand the nature of
gene-gene interactions and provides a starting point for deciding on an analytical approach
for detecting interactions in epidemiological and genetic studies of common human diseases.
Extending these methods to the analysis of genome-wide association data is a significant
challenge that still needs to be addressed.
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(A) Distribution of cases (diseased subjects; left bars) and controls (healthy subjects; right
bars) across three genotypes (0, 1, 2) for two simulated interacting single nucleotide
polymorphisms (SNPs). Note that the ratio of cases to controls for these two SNPs is nearly
identical. The dark shaded cells signify “high-risk” genotypes (empirically determined). (B)
Distribution of cases and controls across nine two-locus genotype combinations. Note that
considering the two SNPs jointly reveals larger case-control ratios. Also illustrated is the use
of the attribute construction function (see Ritchie et al., 2001 for MDR method) that
produces a single attribute (SNP1_SNP2 with two levels, Gg and G1) from the two SNPs.
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Penetrance Values for Combinations of Genotypes from Two SNPs Exhibiting Interactions in the Absence of

Independent Main Effects

Table penetrance Margin penetrance
Genotype frequencies  AA (0.25) Aa (0.50) aa (0.25)
BB (0.25) 0 0.1 0 0.05
Bb (0.50) 0.1 0 0.1 0.05
bb (0.25) 0 0.1 0 0.05
Margin penetrance 0.05 0.05 0.05
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