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Introduction

 Obtaining a more accurate and more systematic grasp 
of the occurrence and development of complex diseases 
influenced by multiple genes is the most important research 
topic in modern genetic epidemiology. Complex diseases, 
such as colorectal cancer and bladder cancer, are affected 
by genetic factors, such as the number of single nucleotide 
polymorphisms (SNP), and environmental factors (Bosetti 
et al., 2005; Parkin et al., 2008; Reeves et al., 2008; Yang 
et al., 2009). This study shows that the occurrence and 
development of complex diseases are not entirely due to 
genetic factors. Rather, these are the combined result of 
genetic variation and environmental factors. There may 
only be a weak association between each gene and disease, 
with no major gene effect. This effect is more vulnerable 
to being overcome by the external environment. If both 
gene-gene and gene-environment interactions are ignored, 
the effects of genetic variation may not be present or 
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Abstract

 Background: Analysis of interactions between genes and the environment with complex multifactorial 
human disease faces important challenges. Limitations of parametric-statistical methods for detection of gene 
effects that are dependent solely or partially on interactions with other genes or environmental exposures are 
key problems. The aim of the study was to investigate the use of multifactor dimensionality reduction (MDR) 
and logistic regression models to analyze the effects of interactions between complex disease genes with other 
genes and with environmental factors and to compare the results of these two methods in interaction analysis. 
Methods: In this case-control study, the two methods were applied to analog data of samples from 486 cancer 
patients and 514 control individuals by computer simulation, including 4 environment factors (E1~E4) and 
8 gene polymorphism factors (G1~G8). Non-conditional logistic regression was used to analyze risk factors 
for cancer, and MDR and logistic regression were employed to analyze interactions under various conditions. 
Results: MDR could find high-level interactions between genes and the environment (E3*G1*G7), but it could 
not find a main effect; conversely, logistic regression better analyzed the main effects (E3, G1, and G4) but was 
limited in its analysis of high-level interactions (E3*G1*G7). The results of these two methods with analog data 
show that the gene G1 site, the G4 site, E3, and the E3*G1*G7 interaction may be risk factors for occurrence of 
cancer. Conclusions: MDR and logistic regression, which are the two complementary methods, can be combined 
to analyze gene-gene (gene-environment) interactions with good results. This approach should help to determine 
the causes of diseases, such as chronic non-transmittable diseases like cancer. 
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accurately described. Thus, how to properly analyze and 
evaluate genetic and environmental interactions with 
diseases is very significant for disease prevention and 
forming public health policies (Nilanjan et al., 2006; Wong 
et al., 2010). How to effectively process and analyze multi-
gene distributions and the related environmental factors of 
complex diseases are the major issues that current genetic 
epidemiologists and bioinformaticians face. Especially in 
cases of gene-gene and gene-environment interactions, 
currently, the greatest challenge is choosing the proper 
statistical method to analyze these interactions to evaluate 
their role in disease.
 In recent years, rapid progress has been made in the 
development of statistical methods for analyzing gene-
gene and gene-environment interactions, such as logistic 
regression models, stratified analysis, crossover analysis, 
general relative risk models, composite linkage and 
disequilibrium methods (Wu et al., 2008). These methods 
have their own advantages but also have many other 
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issues, such as multiple testing, dimensional problems, 
and model dependence. In contrast, most traditional 
methods can only analyze single SNPs or low-level SNP 
interactions associated with the disease but cannot analyze 
the impact of high-level interactions of SNPs on disease 
generation. Thus, many samples are required for studies 
of high-level SNP interactions.
 Logistic regression is a conventional method for 
processing interactions between classified variables. In a 
situation with fewer independent variables, the impact of 
the interaction can be deduced by examining whether the 
interaction is statistically significant, but when processing 
higher-level interactions, logistic regression has many 
limitations. Multifactor dimensionality reduction (MDR) 
is a new method for interaction analysis that has been 
developed in recent years. Its main advantage is its 
ability to simultaneously detect and characterize the 
combined effects of multiple disease factors and that 
it is a parameter-free approach. Therefore, it does not 
require a predefined genetic model to handle dimension 
reduction. This paper uses MDR in combination with 
logistic regression to analyze the analog case-control data 
of the samples for 1000 by the computer simulation, and 
find the factors affecting the cancer and the interactions 
between genes and the environment. First, it introduces 
the basic principles of the MDR method and the major 
analysis steps. Then it contrasts the results from applying 
MDR to those of logistic regression. Next, it introduces the 
implementation and principles behind applying these two 
methods. Finally, it explores the conditions and advantages 
of these methods.
 
Materials and Methods

The logistic regression model
 Assuming a dependent variable Y and m independent 
variables, when Y is a binary variable, 

Recorded in a group of independent variables, the 
probability of obtaining a positive result is, which we will 
denote as P; then it follows that the Logistic regression 
model can be expressed as

                 (1)

where  a is a constant, and  b
1
,b

2
,....,b

20
 are the regression 

coefficients.
 If formula (1) is transformed, then there is another 
linear expression for the Logistic regression model: 

                               (2)

The left side of this formula is the natural logarithm of the 
ratio of the positive occurrence probability to the negative 
occurrence probability, which we will denote as Logit(P). 
It then follows that 

                       (3)

This formula is called the Logit model.

 If P in the Logistic model is seen as the probability of 
a disease state, then the constant  represents the exposure 
to a dose of 0 or the natural logarithm of the ratio of the 
disease incidence probability to the probability of no 
disease. The regression coefficient bj (j =1,2...,m) indicates 
the changes in Logit(P) when the  Xj factor changes by a 
unit, and its corresponding relationship when measuring 
the risk factors odds ratio (OR) is the following:

                                    (4)
 
When bj = 0, OR = 1, which indicates that  Xj  has no effect 
on the disease; when  bj  >0, OR > 1, which indicates that  
is a risk factor. When bj < 0, OR < 1, which indicates that  
Xj  is a protective factor.
 Note: when the function Y of an independent variable 
Xi changes with another independent variable Xj, the 
interaction between the independent variables Xi and Xj 
should be considered. To address this issue, one of the most 
common methods is to include the product term (Xi x Xj) 
in the equation. Consider the following fitting equation:

                (5)

 If the product (Xi x Xj) is significant, then there is an 
interaction between Xi and Xj.
 Whether this interaction must considered in the 
regression equation mainly depends on one’s professional 
knowledge. In reality, the interaction and main effects have 
certain roles. To avoid impacting the total, the mean can 
be subtracted from each variable before multiplying the 
variables together.

The basic principles and analysis steps of the MDR method
 Ritchie et al. (2001) and  Coffey et al. (2004) proposed 
a multifactor dimensionality reduction (MDR) method to 
study case-control data, gene-gene interactions, and gene-
environment interactions. Here, the “factor” is a variable 
in the study of the interaction, and the “dimension” 
refers to the number of multi-factor combinations. This 
method uses a disease susceptibility classification to 
create its models, multiple factors are treated as multi-
factor combinations, and the objects of study are divided 
into two levels (high-risk and low-risk) to reduce the 
dimensionality according to the disease susceptibility. 
Finally, through a 10-fold cross-validation and a 
permutation test, the factor combination identification and 
disease prediction abilities were evaluated to calculate the 
classification and prediction errors.
 The MDR method combines attribute selection, attribute 
construction, and classification with cross-validation and 
permutation testing to provide a comprehensive and 
powerful data mining approach to detecting nonlinear 
interactions. The concrete steps of the MDR method are 
as follows:
 1)Use a 10-fold cross-validation method to divide 
the data into 10 sets, in which 9 subsets are training 
sets, and 1 subset is a test set; 2) Determine the number 
of combined factors n according to the total number of 
factors; 3) For each training set and test set, screen the 
best n-factor combination (the screening criteria are based 
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on the minimum classification error in the training set); 
4) Repeat this process 10 times and then screen the best 
n-factor combinations based on the average minimum 
and maximum cross-validation; 5) Calculate the ratio of 
cases to controls for each n-factor combination. If the ratio 
is equal to or exceeds the threshold, then the genotype 
combination is identified as high-risk; otherwise, it is 
identified as low-risk (if the number of cases and controls 
equal to the domain is 1); 6) For various values of n, we 
obtain the best n-factor combinations. Some n-factor 
combinations may have a smaller prediction error, while 
others may have the greatest cross-validation consistency; 
we take the model with the smaller value of n. The model 
with the minimum prediction error and the maximum 
cross-validation consistency is the optimal factor model.

Results 

Simulated data
 This study used a case-control method and conducted 
an analysis on analog data of the samples for 1000 by 
the computer simulation. There are 486 patients with 
a cancer and 514 control individuals, which include 4 
environmental factors (E1, E2, E3 and E4) and 8 gene 
polymorphism factors (G1, G2, G3, G4, G5, G6, G7 and 
G8). The assignment of variables is shown in Table 1.

Data processing and statistical analysis
 First, a Hardy-Weinberg equilibrium fitting test was 

performed on each genotype distribution for cases group 
(Salanti et al., 2005), where a P-value of > 0.05 shows 
that the genotype meets the HW equilibrium condition. 
This was followed by the use of a SPSS 18.0 to conduct 
non-conditional multivariate logistic regression analyses 
to estimate the odds ratios (OR) of the cancer risk factors; 
MDR (version 2.0_beta_8.4 (Lance et al., 2003; Moore 
et al., 2006) software was used to analyze the gene-gene 
and gene-environment interactions, and we compared 
these results to those of the logistic regression analysis. 
A P-value of < 0.05 indicates a statistically significant 
difference.

The analytical results of the factors that affect the logistic 
regression model (main effects)
 SPSS was used to perform a non-conditional 
multivariate logistic regression analysis on the 12 factors 
that may affect the cancer, and the results are detailed in 
Table 2. The results show that the environment variable 
E3, the G1 gene site, and the G4 site are possible risk 
factors for the cancer.

The results of the interaction of the multi-factor 
dimensionality reduction model analysis (interaction 
effect)
 MDR software was used to analyze the interaction of 
the 12 factors that may affect the cancer, and the results 
detailed in Table 3. We found that the cross-validation 
(CV) consistency of the three-factor model (E3*G1*G7) 
was maximal (10/10), and the accuracy of the test samples 
was the highest (0.6941), the accuracy of the training 
samples was the 0.7029. Thus, the three-factor interaction 
model was the best model, which shows that there was 
an interaction between the environmental factors E3, the 
genetic G1 site, and the G7 site (p<0.0001). However, the 
MDR method used here did not find the main effect that 
the logistic regression analysis found.
 Figure 1 shows the interaction model for the three 
factors for the cancer (E3, G1, and G7). In the cell in the 
figure, the left bands represent the disease case, and the 
right bands represent the control case. It can be seen in the 
figure that the G1 gene site represents the heterozygote 
AA, the G7 gene site represents the homozygous aA 
genotype, and the relative risk for the cancer is increased 
in the E3 environmental population. The OR value 
was 5.1971 (2.2121, 12.2104) (P < 0.0001), which was 
calculated by the MDR software.

Table 1. Variables and Their Assignment for a Cancer 
in this Study
                Variable     Variable assignment  

Environment E1 no = 0 yes = 1 
variables E2 no = 0 yes = 1 
 E3 low = 1 middle = 2 high = 3
 E4 low = 1 middle = 2 high = 3
    
Gene variables G1 aa = 1 aA = 2 AA = 3
 G2 aa = 1 aA = 2 AA = 3
 G3 aa = 1 aA = 2 AA = 3
 G4 aa = 1 aA = 2 AA = 3
 G5 aa = 1 aA = 2 AA = 3
 G6 aa = 1 aA = 2 AA = 3
 G7 aa = 1 aA = 2 AA = 3
 G8 aa = 1 aA = 2 AA = 3
Dependent class control = 0 case = 1 
variable

Table 2. The Results of a Logistic Regression (Forward LR) Analysis on the Factors that Affect a Cancer
Factors             β value                SE         Wald    P-value     OR  95% CI 
                 Lower           Upper

E3   137.6205  0.0000    
 E3(1) 1.3981  0.1769  62.4537  0.0000  4.0475  2.8616  5.7251 
 E3(2) 1.9575  0.1708  131.3468  0.0000  7.0816  5.0669  9.8974 
G1   18.2768  0.0001    
 G1(1) -0.3342  0.1816  3.3888  0.0656  0.7159  0.5015  1.0219 
 G1(2) 0.4076  0.1647  6.1212  0.0134  1.5031  1.0884  2.0759 
G4   23.8720  0.0000    
 G4(1) 0.6157  0.1695  13.2001  0.0003  1.8510  1.3279  2.5803 
 G4(2) -0.1727  0.1796  0.9246  0.3363  0.8414  0.5917  1.1964 
Constant -0.1119  0.0714  2.4534  0.1173  0.8942  
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Figure 1. An MDR Analysis of the Three-factor (E3, 
G1, and G7) Interaction Model of a Cancer. In the cell 
in the figure, the left bands represent the disease case, and the 
right bands represent the control case

Figure 2. A Tree Diagram of the Interactions Among 
Three Factors for a Cancer (smoking, XRCC194, and 
XRCC7), as Analyzed by MDR. Blue and green represent 
a synergetic interaction, where the blue intensity is greater than 
the green intensity. Red and orange represent an antagonistic 
interaction effect, where the red intensity is stronger than the 
orange intensity
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Table 4. The Analysis Results of Logistic Regression (Forward LR) Performed after Adding an Interaction ( in 
the Model) for a Cancer
Factors      β value  SE       Wald               P-value          OR            95% CI 
          Lower          Upper

E3   136.3681  0.0000    
E3(1) 1.4416  0.1788  64.9957  0.0000  4.2275  2.9777  6.0020 
E3(2) 1.9595  0.1729  128.4338  0.0000  7.0955  5.0560  9.9576 
G1   18.0619  0.0001    
G1(1) -0.3446  0.1835  3.5259  0.0604  0.7085  0.4945  1.0152 
G1(2) 0.4016  0.1662  5.8399  0.0157  1.4942  1.0788  2.0695 
G4   22.9417  0.0000    
G4(1) 0.6040  0.1708  12.5023  0.0004  1.8294  1.3089  2.5569 
G4(2) -0.1780  0.1813  0.9645  0.3261  0.8369  0.5867  1.1939 
E3 * G7    15.2983  0.0041    
E3(1) by G7(1) -0.8255  0.4222  3.8228  0.0506  0.4380  0.1915  1.0020 
E3(1) by G7(2) -0.3306  0.4475  0.5458  0.4600  0.7185  0.2989  1.7272 
E3(2) by G7(1) 0.7742  0.4033  3.6855  0.0549  2.1688  0.9839  4.7807 
E3(2) by G7(2) 0.7279  0.4216  2.9809  0.0843  2.0707  0.9063  4.7315 
Constant -0.1017  0.0722  1.9828  0.1591  0.9033   

 Figure 2 shows a tree diagram of the interaction system 
for the three factors for the cancer (E3, G1, and G7). Blue 
and green represent a synergetic interaction, where the 
blue intensity is greater than the green intensity. Red and 
orange represent an antagonistic interaction effect, where 
the red intensity is stronger than the orange intensity. From 
the color in the diagram, we know that the interaction of 
three factors (E3 and the G1-G4 gene site) shows a strong 
synergistic effect. However, after adding the G3 and G7 
gene site, it showed a strong antagonistic effect, indicating 
that the interaction among all three factors (E3, the G1 

gene site, and the G7 site) restrain the occurrence of the 
cancer.

The results of the logistic regression model analysis after 
adding the interaction effect
 A forward logistic regression method was used to 
analyze the aforementioned data, and an MDR approach 
was introduced to analyze the three-factor interaction 
(E3*G1*G7). The factors remaining in the model were 
E3, G1, G4, and the low interaction among the two 

Table 3.  The Results of the Interaction of the Impact Factors as Determined by an MDR Analysis of a Cancer
Factor number           Factors               Training sample         Test sample        Cross-validation
              Accuracy     p Accuracy           p           consistency 

1 E3 0.6785  <0.0001 0.6785  0.0002  10/10
2 E3 G3 0.6855  <0.0001 0.6762  0.0004  8/10
3 E3 G1 G7 0.7029  <0.0001 0.6941  <0.0001 10/10
4 E3 G1 G4 G7 0.7314  <0.0001 0.6849  0.0002  10/10
5 E3 E4 G1 G4 G8 0.7881  <0.0001 0.6140  0.0214  3/10
6 E3 G1 G4 G5 G7 G8 0.8740  <0.0001 0.5874  0.0661  7/10
7 E3 G1 G2 G4 G5 G7 G8 0.9473  <0.0001 0.5469  0.2265  8/10
8 E1 G1 G2 G4 G5 G6 G7 G8 0.9813  <0.0001 0.5114  0.6968  3/10
9 E1 E3 E4 G1 G2 G4 G6 G7 G8 0.9913  <0.0001 0.4916  0.6980  3/10
10 E2 E3 E4 G1 G2 G3 G4 G6 G7 G8 0.9976  <0.0001 0.4994  0.9665  3/10
11 E1 E2 E3 E4 G1 G2 G3 G4 G6 G7 G8 0.9991  <0.0001 0.4999  0.9858  9/10
12 E1 E2 E3 E4 G1 G2 G3 G4 G5 G6 G7 G8 0.9991  <0.0001 0.4990  0.7449  10/10
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Table 5. The Analysis Results of Logistic Regression 
(Forward Lr) Performed after Adding an Interaction 
(not in the Model) for a Cancer
Variables   Score          df            P

E1 0.0001  1 0.9934 
E2 0.7943  1 0.3728 
E4 0.8228  2 0.6627 
E4(1) 0.0342  1 0.8533 
E4(2) 0.4858  1 0.4858 
G2 0.3402  2 0.8436 
G2(1) 0.1293  1 0.7192 
G2(2) 0.3327  1 0.5641 
G3 0.4285  2 0.8071 
G3(1) 0.2360  1 0.6271 
G3(2) 0.3832  1 0.5359 
G5 0.2907  2 0.8647 
G5(1) 0.0913  1 0.7626 
G5(2) 0.0661  1 0.7971 
G6 2.1901  2 0.3345 
G6(1) 0.8430  1 0.3585 
G6(2) 0.3044  1 0.5811 
G7 3.9158  2 0.1412 
G7(1) 2.0025  1 0.1570 
G7(2) 0.2269  1 0.6338 
G8 4.4424  2 0.1085 
G8(1) 2.7226  1 0.0989 
G8(2) 3.4335  1 0.0639 
E3 * G1  2.4527  4 0.6531 
E3(1) by G1(1) 0.0001  1 0.9939 
E3(1) by G1(2) 0.0147  1 0.9034 
E3(2) by G1(1) 0.0159  1 0.8997 
E3(2) by G1(2) 1.7223  1 0.1894 
G1 * G7  4.6854  4 0.3211 
G1(1) by G7(1) 0.1420  1 0.7063 
G1(1) by G7(2) 1.9010  1 0.1680 
G1(2) by G7(1) 0.6533  1 0.4189 
G1(2) by G7(2) 1.2446  1 0.2646 
E3 * G1 * G7   13.5362  8 0.0947 
E3(1) by G1(1) by G7(1) 0.0164  1 0.8980 
E3(1) by G1(1) by G7(2) 3.0196  1 0.0823 
E3(1) by G1(2) by G7(1) 4.4176  1 0.0356 
E3(1) by G1(2) by G7(2) 2.8012  1 0.0942 
E3(2) by G1(1) by G7(1) 0.0981  1 0.7541 
E3(2) by G1(1) by G7(2) 4.0622  1 0.0439 
E3(2) by G1(2) by G7(1) 0.3523  1 0.5528 
E3(2) by G1(2) by G7(2) 4.4301  1 0.0353 
Overall Statistics 33.4696  32 0.3959 

factors (E3*G7), with statistically significant P-values 
of P=0.0004. Therefore, E3, G1, G4, and E3*G7 can be 
considered impact factors for the cancer; the results are 
shown in Table 4. However, the high interaction among the 
three factors (E3*G1*G7) obtained by the MDR method 
did not remain in the model, as P>0.05 (P=0.0947), which 
is not statistically significant. The results of this analysis 
are displayed in Table 5.
 The results described above and the results from the 
MDR analysis are not identical, possibly because MDR 
reduced the multidimensional model to a one-dimensional 
model, and the quality of analog data is relatively poor. 
This method was created by differentiating the high-risk 
and low-risk sample groups. This is flawed because, to 
create this dimensionality reduction, MDR had to search 
for the multidimensional space. To detect interactions, 
MDR was more sensitive to high-level interactions.

Discussion

Exploring the interactions among risk factors 
(gene-environment) for complex diseases is important 
for disease epidemiology because these interactions 
exist, and various interaction patterns have differential 
epidemiological significances (public health significance). 
An understanding of gene-environment interaction also 
has important implications for public health. It aids in 
predicting disease rates and provides a basis for well-
informed recommendations for disease prevention (Ruth, 
1996).

The cancer (such as colorectal cancer and bladder 
cancer) is caused by multifactorial, multi-step, and 
complex pathological changes. It has both intrinsic 
genetic factors and external environment factors, and it 
is especially affected by the interactions between genetic 
and environmental factors. This study used MDR and 
a logistic regression method to analyze analog data of 
the samples for 1000 by the computer simulation, the 
possible impact factors of a cancer and the interactions 
among these factors. The logistic regression results show 
that environmental factors, E3, genetic factors, G1, and 
G4 may be risk factors, but their interaction has not been 
observed. However, the MDR method found a third-
order interaction (E3*G1*G7). The results of combining 
these two methods showed that the G1 gene site, the G4 
site, E3, and the E3*G1*G7 interaction may be impact 
factors for the cancer. MDR combination with logistic 
regression method will further be applied to a concrete 
cancer disease (such as colorectal cancer and bladder 
cancer) to verify the characteristics of two methods on 
gene-gene (environment) interactions, which is the next 
plan of ours research.

Logistic regression is a conventional method for 
processing the interactions among classified response 
variables. In a small number of independent variables, 
by examining whether the interaction is statistically 
significant, the impact of the interaction can be extrapolated. 
The difference between it and MDR is that logistic 
regression can distinguish main effects the interactive 
effects, and for low-dimensional data, logistic regression is 
more appropriate than MDR. However, logistic regression 
has its own shortcomings. When there are interactions 
among multiple factors, the model can often produce more 
parameters. If the sample size is relatively small (due to 
over-fitting), many concerns (e.g., “dimension distress”, 
etc.) will be raised about the statistical method. When 
dealing with high-level interactions, logistic regression 
has significant limitations, as it is difficult to discover 
these interactions.

MDR is a method that was recently discovered for 
analyzing interactions. Its main advantage is its ability 
to simultaneously detect and characterize the impact of 
the combined effects of multiple disease factors. It does 
not consider main effects when analyzing various factors. 
Therefore, when the main effects are not statistically 
significant, it still can find high-level interactions. Using 
a tree diagram of the interaction system, researchers can 
visually determine the effects and strengths of interactions 
to provide a basis for further studies. However, when 
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the main effects are significant, MDR cannot find the 
main effect, and logistic regression can be used in 
conjunction. MDR is first used to detect the interaction, 
and the interaction is then forced into the main effects and 
the interaction effects of a logistic regression analysis. 
MDR finds that the capacity for interactions decreases 
with a decreased number of factors and levels because 
the number of parameters is exponentially positively 
correlated with the number of factors. When the real 
interaction is effective and has a low dimension, MDR 
finds that the interaction capacity is greatly reduced.

It is worth noting that, for a high-level interaction 
between genes and the environment, MDR better handles 
multidimensional data. However, the MDR method also 
has shortcomings. First, when the sample size of the 
disease cases with multi-site genotypes and the sample 
size of the control cases are small, it is easy to obtain 
false positive or false negative results. Second, for each 
genotype with a number of sites, it can only be classified 
as high- or low-risk, and we are unable to obtain indicators 
for quantification. Thirdly, the MDR method cannot 
perform comparisons between different genotypes, but in 
practice, we need to understand the risk ratios of various 
genotypes. Finally, when the number of factors is more 
than 15, it brings out a large amount of calculation, and 
the speed of is slower and the time is longer for MDR 
software.

In summary, when MDR and logistic regression 
analyze interactions, there are various conditions and 
advantages, and in the case of an interaction analysis, a 
combination of both is superior. By comparing examples, 
this study introduces the principles behind and the 
application of these two methods to analyze interactions. 
This study also explores the applicable conditions and 
advantages of each method. It provides new ideas for 
medical research in the field of interaction analysis.

Currently, many researchers have explored other 
methods for statistically analyzing gene/environment 
interactions. For example, a neural network method 
to process the interactions between genes and the 
environment also has unique advantages (Motsinger et 
al., 2006; Frauke et al., 2009), and it obtains the internal 
relationships between variables by studying samples. 
With no prior knowledge of the relationship between the 
variables, it is not affected by interference, and it obtains 
a richer and more realistic relationship between the input 
and output to analyze the complex interactions between the 
factors. Genome-wide associations are the current research 
focus for studying complex disease susceptibility genes, 
and many new breakthroughs have been made (Elbers et 
al., 2009; Roukos, 2009).
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