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1. Abstract

Investigation of genetic interactions (e.g., gene-gene and gene-environment interactions) can be essential in under-

standing the genetic architecture of complex traits, most of which are often regulated by genes and environmental fac-

tors (Moore 2003). Many different methods have been proposed to analyze genetic interactions in genetic association

studies, and are based on regression modeling, pattern recognition, data reduction, and machine learning approaches,

such as random forest, support vector machine and ensemble learning (Musani et al. 2007, Cordell 2009 for full re-

view). While each interaction-detecting method has its own advantages and disadvantages, the multifactor dimension-

ality reduction (MDR) is a powerful interaction-detecting method based on data reduction and has been successfully

applied to many genetic studies of complex diseases (see the related literature available on http://epistasis.org). It is

known to have the advantages in examining high-order interactions and detecting interactions without main effects,

and when no prior knowledge on the mode of genetic inheritance is available (Ritchie et al. 2001).

MDR method consists of two major steps, such as the model enumeration step and the model selection step. At

the first step, all possible interaction models are enumerated via so-called constructive induction. For each interaction

among a set of genetic markers (e.g., single nucleotide polymorphisms or SNPs), a binary classifier is constructed by

inducing multi-locus genotype combinations of the marker set into two levels (i.e., high risk and low risk). In other

words, an interaction among multiple genes is reduced to a one-dimensional classifier. Those binary classifiers are

used to predict disease status of individuals and called as MDR classifiers. At the second step, all enumerated MDR

classifiers are evaluated via predictability and selection stability to select the best MDR classifier based on the m-fold)

cross-validation (CV) (e.g., m = 10). First, the best MDR classifier is selected with the highest predictability for each

CV dataset. Predictability of a classifier is usually measured by the balanced accuracy (BA, the arithmetic mean of

sensitivity and specificity),

BA =
1

2

(
TP

TP + FN
+

TN

TN + FP

)
on testing CV datasets. Second, a voting algorithm called cross-validation consistency (CVC) is used to suggest the

single best MDR classifier:

CVC =
1

m

m∑
l=1

Il

where Il = 1 if the MDR classifier is selected as the best classifier at lth CV dataset, and Il = 0 otherwise. The

corresponding interaction is considered to have the strongest association with a disease of interest. Additional details

are available in literature including Ritchie et al. (2001), Hahn et al. (2003), and Namkung et al. (2009).
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With the rapid development of high-throughput genotyping technologies, genome-wide association studies (GWAS)

have been facilitated to discover multiple genetic factors of common complex diseases. Because complex traits are

mostly multi-factorial, identifying multiple causal genes and their interactions is critical for the success of GWAS.

Because CVC depends only on the number of times a particular MDR classifier is identified as a best classifier across

all the CV datasets, the current MDR method suggests only the best classifier, which can be impractical in GWAS.

In this study, we proposed an extension of CVC, called as WCVCK , which is a weighted voting algorithm based

on top-K selection. This procedure selects a user-specified number (K) of the best MDR classifiers (i.e., top K clas-

sifiers), rather than the single best classifier, at each CV step. For each selected MDR classifier, its weighted vote

WCVCK is calculated as below to indicate how many of the CV datasets support the selected classifiers as the K best

classifiers in m-fold CV :

WCVCK =
1

m

m∑
l=1

wlI
K
l

where IK
l
= 1 if the MDR classifier is selected as one of the K best classifiers at lth CV dataset, and IK

l
= 0 otherwise.

Here, the weights {wl}ml=1 are used to take the performances of the MDR classifier at each CV step into account when

top K classifiers are selected. Examples of a weight system are the inverse rank and the relative performance that is

the ratio of performance measures between a classifier under consideration and the best classifier within each CV step.

Based on WCVCK (e.g., all combinations with WCVCK > 0.8), multiple candidates of causal gene-gene interactions

can be reported along with their performance measures (e.g., predictability for training and test datasets). With a

small K value, one may identify a small number of causal interactions having large effects. But, to detect a large

number of interactions, some of which have moderate or even mild effects, one may choose a large K value.

Simulations are conducted to investigate the performance of WCVCK and compare it with CVC. Because the

choice of K can affect the power and false positive control of the MDRmethod, we also use simulations to examine the

relationship between the choice of K and the behavior of the WCVCK and hence to provide guidelines for the choice

of K. In addition, the choice of weight system is explored via simulations. The MDR method with the proposed

WCVCK is applied to real data.
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