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The detection of gene–gene interactions during genetic 
studies of common human diseases is important, and the 
technique of multifactor dimensionality reduction (MDR) 
has been widely applied to this end. However, this 
technique is not free from the “curse of dimensionality” — 
that is, it works well for two- or three-way interactions but 
requires a long execution time and extensive computing 
resources to detect, for example, a 10-way interaction. 
Here, we propose a boosting method to reduce MDR 
execution time. With the use of pre-evaluation 
measurements, gene sets with low levels of interaction can 
be removed prior to the application of MDR. Thus, the 
problem space is decreased and considerable time can be 
saved in the execution of MDR. 
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I. Introduction 

Gene–gene interactions occur when gene expression is 
influenced by the expression of one or more other genes. Gene 
expression is also related to human diseases; in general, a 
single gene is not responsible for a specific disease, rather 
multiple genes participate in the occurrence of a disease. 
Therefore, the ability to detect gene interactions with respect to 
specific phenotypes is an important research goal. Researchers 
have tried to develop computational methods to detect gene–
gene interactions, including those based on logistic regression 
models, information theory, multifactor dimensionality 
reduction (MDR) [1], and machine learning approaches [2]. 

The MDR method was developed by Ritchie and others [3] 
and is based in part on the combinatorial partitioning method 
[4]. MDR has been used to detect gene–gene interactions in 
case–control studies. In general, a dataset for MDR analysis is 
composed of a phenotype (case or control) column and 
multiple columns of single nucleotide polymorphisms (SNPs). 
The values of the SNP columns are defined as 0, 1, and 2 to 
express three genotypes — AA, Aa, and aa, respectively. 
Within a dataset, we want to find the best k SNPs from n SNPs 
that will explain the phenotype well. 

The MDR algorithm first divides the dataset into nine 
training sets and one test set and calculates the case (control) 
ratios for each multilocus genotype. Next, the high-risk 
multilocus genotypes are identified, and an optimal model for 
producing maximum training accuracy is chosen. MDR 
performs a cross-validation test to find the model that will 
maximize cross-validation consistency. The main advantage of 
MDR is that it facilitates the simultaneous detection and 
characterization of multiple genetic loci associated with a 
discrete clinical end point. Furthermore, it is a nonparametric 
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method that overcomes the limitations of traditional parametric 
methods, and it assumes there is no particular genetic model [3]. 
The main disadvantage of MDR is that it can be 
computationally intensive, especially when more than 10 
polymorphisms (a set of SNPs) need to be evaluated, and its 
predictive ability is low when the dimensionality of the best 
model is relatively high and the sample is relatively small [4]. 

Various follow-up studies have been undertaken to improve 
the original MDR method. Li and others suggested weighted 
risk score-based MDR [5]. Bulinski studied the impact of the 
choice of penalty function, and his study is used as a basis for 

MDR methods [6]. Lou and others proposed a generalized 
MDR (GMDR) framework that is based on the score of a 
generalized linear model, of which the original MDR method 
is a special case [7]. GMDR allows adjustment for covariates. 
Bush and others suggested improving the ability of MDR by 
replacing a classification error with a different measure to score 
the quality of the model [8]. Multivariate GMDR was also 
introduced by Xu and others [9]. Chen and others proposed a 
unified GMDR [10]. They used principal components as 
genetic background controls. Fisher and others reported a cell-
based metric that improves the detection of gene–gene 
interactions with MDR [11]. Lee and others surveyed recent 
MDR methods, and compared their characteristics [12]. 

Although many advanced MDR models have been proposed, 
the primary disadvantage of MDR — the problem of 
dimensionality — has still not been overcome.  

Let us suppose a dataset has 1,000 SNPs. If we want to 
investigate 10-way interactions between the SNPs, MDR 
should calculate 1,000C10	 ≈	2.6 × 1023 combinations, and this 
would be almost impossible to calculate in the allowable time. 
If we reduced the problem space from 1,000 to 100, then the 
number of combinations to be calculated would become  
100C10	≈ 1.7 × 1013 cases, but this would also require a long 
computation time.  

Some studies have been carried out to try to reduce the 
computation time. Sinnott-Armstrong and others suggested a 
rapid MDR method [13], [14] that handles continuous data by 
modifying MDR’s constructive induction algorithm to use a t-
test. Yang and others proposed an ensemble approach to filter 
out irrelevant SNPs and improve MDR execution time [15]; it 
runs multiple filter algorithms and then merges the results. 
Even though these approaches tried to reduce computation 
time, they focused on pre-filtering (see Fig. 1) and did not 
reduce the number of SNP combinations. Since total 
computation time mainly depends on the number of SNP 
combinations, we need to find a way to decrease it. 

In this paper, we propose a new method to reduce the 
execution time of MDR. Our proposed method suggests ways 
to diminish combinations of SNPs, whereas previous approaches 

 

Fig. 1. Current vs. proposed methods for boosting MDR: (a) 
normal MDR test and (b) boosted MDR test. 
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tried to reduce individual SNPs. With our method, the target 
combinations of SNPs are pre-evaluated, and only a small 
number of combinations that are highly relevant to the 
phenotype are recommended (see bold-outlined box in     
Fig. 1(b)). MDR then calculates only the recommended 
combinations of SNPs to save execution time. 

Figure 1 summarizes the goal of this study. To find the most 
appropriate pre-evaluation method for the SNP combinations, 
we tested two entropy measures, since the philosophy of 
entropy is similar to the evaluation of contingency tables in the 
MDR process. We also developed new pre-evaluation methods 
based on a contingency table. The details of these pre-
evaluation methods are described in Section II. The difference 
between our pre-evaluation method and well-known strategies 
for selecting genetic features [16], such as forward selection or 
backward elimination, is that our method searches throughout 
the entire problem space, whereas a genetic selection strategy 
searches over only part of such a space. Therefore, a genetic 
selection strategy is less likely to find an optimal solution. 

The remainder of this paper is structured as follows.  
Section II summarizes the basic information theory that we 
used in developing our proposed method and describes how 
the proposed method reduces the number of SNP combinations. 
It also introduces the benchmark datasets and several MDR 
methods for comparison with our proposed method. Section III 
describes and discusses the results of these experiments, and 
Section IV presents our conclusions. 

II. Materials and Methods 

1. Basic Information Theory 

In information theory, entropy is widely used to evaluate 
variables (features) in a dataset. The intuitive meaning of 
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entropy is that it is a measure of the “uncertainty” of a variable 
(an outcome). A high level of entropy expresses a high 
uncertainty. The entropy of variable X is denoted by  

 ( ) ( ) log ( ).
x X

H X p x p x


             (1) 

Mutual information (MI) or information gain is used to 
evaluate the correlation between two variables X and Y, and the 
MI measures the shared information between X and Y. In other 
words, it measures how much the knowledge of one of the two 
variables reduces the uncertainty about the other. Therefore, a 
high level of MI indicates a strong relationship between    
the two variables. In a case (control) study, if an SNP has a high 
level of MI with a phenotype, then we can declare that the SNP 
has a strong relationship with the phenotype. MI can be defined 
according to the following equations: 

 ( ; ) ( ) ( | ) ( ) ( | ),I X Y H X H X Y H Y H Y X       (2) 

 ( ; ) ( ; ).I X Y I Y X                              (3) 

The shortcoming of finding MI is that it is difficult to 
understand the meaning of its absolute value. We cannot just 
perform a relative comparison between values of MI, because 
we don’t know its maximum and minimum values. Therefore, 
normalized MI, which is called symmetrical uncertainty (SU), 
is widely used instead of MI. SU is defined as 
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Ghiselli [17] suggested a correlation measure, called “merit 
function,” between Z (a set of variables), and C (a target 
variable) as follows: 
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where zcr  is the average correlation between a variable in Z 

and the target variable C; k is the number of variables in Z; and 

IJr  is the average intercorrelation between the variables in Z. 
Hall [18] suggested a modified merit function based on (5). 

Let us suppose Z = {S1, S2, … , Sk}, where Si is an SNP and P is 
a phenotype. Then, the new merit function is defined as 
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The approach to detecting gene–gene interactions can be 
redefined by asking the question “Which set of variables 
(features, SNPs) is most highly correlated with a given 
phenotype?” If we use the proper evaluation function as a 
measure, then we can sort out highly correlated SNPs.  

2. Motivation and Pre-evaluation Function 

To determine the relationship between the MDR result and 
the entropy-related functions, we tested the D1 dataset   
(Table 1), which contains 20 SNPs. The MDR found the highly 
correlated SNPs {1, 2, 4, 6, 8, 15} (see Table 6). We tested for 
entropy; MI between each SNP and phenotype; and SU 
between each SNP and phenotype. 

Table 1 summarizes the results in which the 20 SNPs are 
sorted according to the value of each of the three evaluation 
functions. From these results, we can observe the following: (a) 
significant SNPs from MDR are highly ranked (see shaded 
cells in Table 1); (b) MI and SU show almost the same 
evaluation power; (c) MI and SU correlate better with the 
MDR results than does the entropy measure; and (d) in some 
cases, entropy performs better than MI and SU (see SNP 2).  

Table 1 gives us some insight into how MDR can be boosted 
by reducing the problem space. When we make combinations 
of SNPs for the MDR test, we may skip the combinations 
where the SNPs have a low ranking in the entropy-related 
evaluation. Entropy calculation is simple and fast, so we can 
test every target combination of SNPs using the entropy- 

 

Table 1. Relationship between MDR result and entropy-related 
functions in D1 dataset. 

SNP Entropy SNP MI SNP SU (C) 

6 0.937714 1 0.01040 1 0.01235 

8 0.988021 6 0.00758 6 0.00929 

1 0.991954 7 0.00370 8 0.00432 

4 0.997404 8 0.00363 7 0.00432 

14 1.004446 3 0.00320 3 0.00364 

18 1.015421 15 0.00221 15 0.00255 

2 1.018505 9 0.00217 9 0.00246 

7 1.022245 16 0.00163 16 0.00188 

12 1.024120 4 0.00133 4 0.00157 

5 1.030241 11 0.00132 11 0.00154 

11 1.030738 20 0.00127 20 0.00147 

13 1.032181 5 0.00123 5 0.00143 

17 1.032564 2 0.00081 2 0.00095 

10 1.037466 10 0.00075 10 0.00087 

20 1.039621 19 0.00055 19 0.00063 

15 1.043112 14 0.00048 14 0.00056 

16 1.046232 12 0.00028 12 0.00032 

19 1.046428 17 0.00023 17 0.00027 

3 1.061025 18 0.00008 18 0.00010 

9 1.073202 13 0.00008 13 0.00009 
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Fig. 2. Example of how DF function is calculated. 
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related function, and we can remove the low-ranked 
combinations.  

Now, we introduce three pre-evaluation functions. Using MI, 
we composed the first pre-evaluation function (PMI) as follows: 

PMI ( , ),Z i
i k

I S P


                        (7) 

where I(Si, P) denotes the MI between SNP Si and phenotype P. 
Equation (7) implies that a high value of MI is important to 
have a significant combination of SNPs. The merit-based pre-
evaluation function, PMERIT, is the same as (6). 

We developed a new pre-evaluation function based on a 
contingency table (PCT), which can be made using the same 
process as in the third step of the MDR process, as shown in (8),  

,

PCT DF( , ),Z i j
i j k

S S


               (8) 

where DF is defined to be 

DF(Si, Sj) = 
total #of differences in contingency table

.
total #of cases and controls

 (9) 

Figure 2 is an example of how to calculate the DF function. 
If the evaluation value obtained using PCT is high, then we 
may expect that a given pair (SNP1, SNP2) has a high 
likelihood of interaction because the pair explains the 

phenotype well. PCT summates the DF value of every pair of 
(Si, Sj). 

Using the pre-evaluation functions PMI, PMERIT, and PCT, 
we evaluate every combination of SNPs in a given dataset, and 
we recommend the combinations of SNPs that have a high 
ranking. The MDR test is then repeated for the recommended 
combinations. Our testing process is as follows: 

  
Testing process 

// input: dataset D = {S1, S2, … , Sn},  
//   phenotype P, number of selected SNP k 
//   proportion m  
// output: subset of D which has best values of MDR test 
  
Generate m combinations (Z) from D which have k elements  
  
// pre-evaluation 
FOR i = 1 TO n  
 PResulti ← PE(Zi)  

END FOR 
  
Sort PResult by decreasing order 
r ← nCk  m 

Choose best r indexes of PResult and store into q1, q2, ... , qr  
  
// MDR test after pre-evaluation 
FOR j = 1 TO r  
 MResultj ← MDR(Zqj, P)  

END FOR 
  
Sort MResult by increasing order 
Choose first index of MResult and store into s  
  
RETURN Zs 

 
In the testing process (see box), “proportion m” indicates the 

recommendation ratio of the pre-evaluation results. If m = 0.05, 
then 5% of the SNP combinations with a high rank in the pre-
evaluation results are recommended for the MDR test that 
follows. 

3. Datasets and Testing Environment 

We implemented the proposed method in R (http://www.r-
project.org). For the MDR test, the “mdr” function in the MDR 
package was used; “mdr” implements Ritchie’s method [3]. 
We tested the proposed method on an HP Linux server that has 
an Intel Xeon X5670 CPU (6 Cores, 2.93 GHz) and 18 
gigabytes of RAM. To test the multi-core PCT algorithm, a 
“parallel” package was used. 

Table 2 summarizes the five benchmark datasets we used in 
our experiments. These datasets included different numbers of 
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SNPs and samples. Dataset D5 contained synthetic values; 
only the first two SNPs were real values. To measure the 
quality of the SNP combinations, we used a support vector 
machine (SVM) [19] classifier because SVM performs well  
in binary-class (case, control) problems. The classification 

 

Table 2. Summary of datasets. 

ID Name of dataset 
No. of 
cases 

No. of 
controls 

No. of 
SNPs 

No. of 
cases 

D1 mdr_sample_data1) 200 200 20 200 

D2 mdr12) 125 125 25 125 

D3 mdr22) 554 446 50 554 

D4 simSNP3) 558 442 10 558 

D5 20.400.14) 200 200 1,000 200 

1) http://www.multifactordimensionalityreduction.org 
2) MDR R package 
3) mrmr R package 
4) http://sydney.edu.au/engineering/it/~yangpy/software/EnsembleFilter/

20.400.1.txt 

 

accuracies of the given SNP combinations were then compared. 
If a combination of SNPs produced high classification accuracy, 
then it meant that it had a strong relationship with the 
phenotype and perhaps the SNPs in the combination would 
have a strong interaction. The SVM code was chosen from the 
e1071 R package. 

III. Results and Discussion 

Table 3 summarizes the fit analysis of the proposed method. 
If mdr produced a combination Z = {S1, S2, … , Sk}, then we 
could expect that Z would be ranked near the top in our pre-
evaluation list. We then calculated the proportion of the ranking 
of Z from an nCk size pre-evaluation list. As can be seen, every 
case showed that Z ranked low in the pre-evaluation list. This 
meant that highly ranked combinations of SNPs during the pre-
evaluation were also highly ranked in the MDR test. Therefore, 
we could reduce the test cases for mdr by adopting highly 
ranked combinations of SNPs from the pre-evaluation. The 
PCT measure in particular showed higher efficiency than did 

 

Table 3. Location and proportion that mdr result is found in pre-evaluation. 

Number of selected SNPs 
Dataset  

k = 2 k = 3 k = 4 k = 5 

No. of combination 190 1,140 4,845 15,504 

PMI 7 (3.6%) 68 (5.9%) 50 (1%) 1,621 (10.4%) 

PMERIT 7 (3.6%) 68 (5.9%) 50 (1%) 1,621 (10.4%) 
D1 

PCT 1 (0.5%) 1 (0.08%) 23 (0.47%) 37 (0.23%) 

No. of combination 300 2,300 12,650 53,130 

PMI 74 (25%) 783 (34%) 5,726 (45%) 30,947 (58%) 

PMERIT 74 (25%) 78 (34%) 5,726 (45%) 30,947 (58%) 
D2 

PCT 1 (0.33%) 5 (0.34%) 1 (0.008%) 334 (0.6%) 

No. of combination 1,225 19,600 230,300 2,118,760 

PMI 74 (24%) 3,560 (18%) 53,926 (23.4%) 636,459 (30%) 

PMERIT 74 (24%) 3,560 (18%) 53,926 (23.4%) 636,459 (30%) 
D3 

PCT 1 (0.08%) 31 (0.15%) 355 (0.15%) 4,998 (0.23%) 

No. of combination 45 120 210 252 

PMI 1 (2.2%) 6 (5%) 23 (10.9%) 55 (21.8%) 

PMERIT 1 (2.2%) 6 (5%) 23 (10.9%) 55 (21.8%) 
D4 

PCT 1 (2.2%) 1 (0.83%) 1 (0.47%) 27 (10.8%) 

No. of combination 499,500    

PMI 1 (0.02%)    

PMERIT 1 (0.02%)    
D5 

PCT 1 (0.02%)    
k : number of SNPs that we want to find in the MDR test 
No. of combination: number of combinations to test 

Proportion value of each cell = (ranking of Z) / 
nCk, where n is the total number of SNPs of a given dataset 
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Table 4. Comparison of execution time between single-core and 
multicore algorithms (unit: seconds). 

k Single core (core = 1) Multicore (core = 6) 

2 1.0 0.4 

3 1.1 0.5 

4 2.0 0.9 

5 5.5 2.2 

10 156.8 49.0 

 

 
PMI or PMERIT. Therefore, PCT will be discussed as the 
proposed pre-evaluation measure in the rest of this paper. 

An issue for the proposed method (PCT) is to determine the 
proportion m in the testing process (see box). A small m allows 
for a fast calculation of MDR, but it introduces the possibility 
that the proposed method will produce different results from 
those of the original MDR. Table 3 shows that m = 0.02 or 
r < 50 is enough to produce the correct result. This means that 
98% of the combinations can be skipped in the MDR process, 
thus saving processing time. 

We implemented the PCT algorithm in both single-core and 
multicore environments. Table 4 compares the execution time 
between single-core and multicore algorithms for the D1 
dataset. A multicore algorithm was more efficient than a single-
core algorithm when the dimension k was high. For the 
remainder of the test, we used the PCT measure implemented 
by the multicore algorithm. Execution time in our test was 
measured in seconds. 

Table 5 and Fig. 3 present the effects of the proposed method. 
The total execution time of the proposed method consists of a 
pre-evaluation time plus the mdr execution time after pre-
evaluation. Pre-evaluation requires extra computation time 
compared with mdr alone, but it can save an enormous amount 
of time in the execution of mdr. Overall, the proposed method 
reduces the mdr processing time. The higher the dimension of 
the SNP combination, the more time is saved by the proposed 
method. Figure 3 shows that the proportion of the pre-
evaluation segment compared with the total processing time  
of the proposed method is very small. Therefore, the pre-
evaluation is a quick and efficient way to boost MDR. 

Tables 6 to 10 show detailed comparisons between the 
original MDR method and the respective proposed method. In 
the cases of the higher dimensions, the original MDR method 
requires an extremely long execution time, and these cases 
cannot be tested. The parenthesized execution time (see Table 8 
and Table 10) was estimated using proportional expression. 
The recommendation ratio m = 0.02 was used for testing the 
proposed method. If the number of combinations found was 

Table 5. Analysis of execution time on D1 dataset (unit: seconds).

k mdr only Pre-evaluation mdr after* 

2 1.1 0.4 0.3 

3 16.1 0.5 0.5 

4 21.2 0.9 4.3 

5 2206.8 2.2 47.9 
*‘mdr after’ refers to the execution time of mdr when it tests only the combinations 
recommended after the pre-evaluation. 

 

 

Fig. 3. Effect of proposed method (on execution time). 
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less than 50, then the proposed method recommended 50 
combinations of SNPs. The results show that the proposed 
method dramatically reduced the execution time of the original 
MDR method, whereas the selection lists were almost the 
same; in two cases, the proposed method and the original 
MDR resulted in different selection lists. 

In the case of k = 5 in Table 7, the original MDR produced 
{11, 16, 19, 24, 25} and the proposed method produced {4, 9, 
20, 22, 24}. The classification test determined that the proposed 
method was more accurate than the original MDR. Some 
internal error might explain why the results of the MDR and 
proposed method were much different in the case of k = 4. In 
the case of k = 2 in Table 10, the original MDR repeatedly 
produced irregular results when we repeated the test several 
more times; the proposed method produced {1, 2}. Yang and 
others [15] point out that only SNP1 and SNP2 are interactive; 
the other SNPs are generated randomly. Therefore, the 
proposed method led to the correct result. Because the 
combinations located by the original MDR in the proposed 
method were below 1% or were found in the 50th element 
from the first in the pre-evaluation list of the proposed method, 
99% of the combinations found using the MDR test could be 
excluded.  

In Tables 6 to 10, SVM accuracy shows the degree of 
interaction among given SNP combinations. Although MDR is 
designed to detect interacting genes (SNPs), we don’t know 
what number of genes to choose. SVM accuracy provides 
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Table 6. Comparison between proposed method and original MDR 
method on D1 dataset. 

k 2 3 4 5 
 

No. of combinations 190 1,140 4,845 15,504 

Selected SNPs 1, 8 1, 6, 8 1, 2, 6, 8 1, 4, 6, 8, 15
mdr only 

Execution time (s) 1.1 16.1 21.2 2,206.8 

Selected SNPs 1, 8 1, 6, 8 1, 2, 6, 8 1, 4, 6, 8, 15

Execution time (s) 0.7 1.3 5.2 50.0 
mdr with 
proposed 
method 

Found location (%) 0.5 0.08 0.47 0.23 

SVM 
accuracy 

 0.58 0.87 0.84 0.78 

SNPs = single-nucleotide polymorphisms 

Table 7. Comparison between proposed method and original MDR 
method on D2 dataset. 

k 2 3 4 5 
 No. of 

combinations 
300 2,300 12,650 53,130 

Selected SNPs 4, 9 4, 6, 9 4, 9, 17, 20 11, 16, 19, 24, 25
mdr only 

Execution time (s) 3.9 45.1 630.1 7,698.5 

Selected SNPs 4, 9 4, 6, 9 4, 9, 17, 20 4, 9, 20, 22, 24

Execution time (s) 0.7 1.6 12.7 157.0 
mdr with 
proposed 
method 

Found location (%) 0.33 0.34 0.008 0.6 

SVM 
accuracy 

 0.66 0.67 0.63 
0.51* 
0.67+ 

* accuracy for mdr only 

+ accuracy for mdr with proposed method 

Table 8. Comparison between proposed method and original MDR 
method on D3 dataset. 

k 2 3 4 5 
 No. of 

combinations 
1,225 19,600 230,300 2,118,760 

Selected SNPs 4, 9 4, 9, 10 4, 7, 9, 22 N/A 
mdr only 

Execution time (s) 6.4 261.5 9,741.7 (320,700) 

Selected SNPs 4, 9 4, 9, 10 4, 7, 9, 22 4, 9, 10, 22, 31

Execution time (s) 0.92 1.3 221.9 6,414.1 
mdr with 
proposed 
method 

Found location (%) 0.08 0.15 0.15 0.23 

SVM 
accuracy 

 0.69 0.65 0.58 0.60 

 

 
some insight. In Table 6, SVM accuracy is highest when k = 3. 
It means that SNP {1, 6, 8} is the strongest interaction group 
compared with all the other combinations of SNPs. The higher 
SVM accuracy means that the SNPs selected by MDR are 
important. 

Figure 4 compares the execution time between the proposed 

Table 9. Comparison between proposed method and original MDR 
method on D4 dataset. 

k 2 3 4 5 
 

No. of combination 45 120 210 252 

Selected SNPs 1, 2 1, 2, 8 1, 2, 7, 8 1, 2, 7, 9, 10
mdr only

Execution time (s) 0.3 2.0 10.0 37.3 

Selected SNPs 1, 2 1, 2, 8 1, 2, 7, 8 1, 2, 7, 9, 10

Execution time (s) 0.7 1.1 2.3 8.6 
mdr with 
proposed

Found location (%) 2.2 0.83 0.47 10.7 

SVM 
accuracy

  0.77 0.72 0.65 0.59 

 

Table 10. Comparison between proposed method and original MDR 
method on D5 dataset. 

k 2 
 

No. of combination 499,500 

Selected SNPs N/A 
mdr only 

Execution time (s) (103,800) 

Selected SNPs 1, 2 

Execution time (s) 2,076.6 
mdr with 
proposed 

Found location (%) 0.02 

SVM accuracy  0.7325 

 

Table 11. Analysis of execution time on very high dimensional 
datasets. 

Dataset # of SNPs
Execution 
time (s) 

Proposed Armstrong Yang 

Filtering 14 N/A 775 

MDR 19 N/A 1,553 BD1 10,000 

Total 33 434 2,323 

Filtering 72  3,341 

MDR 16  557 BD2 50,000 

Total 88 9,000 3,898 

Filtering 161  3,500 

MDR 17  616 BD3 100,000

Total 177 34,980 4,116 

Filtering 312  11,937 

MDR 21  1,617 BD4 150,000

Total 333 93,600 13,554 

Filtering 405  14,340 

MDR 19  1,500 BD5 200,000

Total 424 169,200 15,840 

In the case of Amstrong, supported tool just gives total execution time. 
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Fig. 4. Comparison of execution time between proposed method and original MDR. 
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method and the original MDR. The slope of the proposed 
method increased more slowly when compared with that of the 
original MDR.  

As shown in Table 11, the proposed method works well on 
those datasets that have very high dimensions, with high 
efficiency when compared with other methods. We created 
high-dimensional datasets BD1–BD5 using the D1–D5 
datasets. In the new datasets, the first two columns are 
interacting SNPs and the others are randomly selected non-
interacting SNPs from D1–D5. We compared our proposed 
method with those of Sinnott-Armstrong [13]; Gui and others 
[14]; and Yang and others [15]. Three algorithms reduced the 
dimensions of the datasets into 100 columns and the MDR test 
was performed. The proposed method used MI as a filter. The 
results of the experiment showed that the proposed method 
was faster than the other two algorithms in filtering and MDR 
execution.  

IV. Conclusion  

In this paper, we have proposed a method for boosting MDR 
in which target combinations of SNPs are pre-evaluated. We 
developed the PCT function to exclude valueless combinations 
of SNPs, which was found to be more efficient than the PMI 

and PMERIT functions derived from well-known measures of 
information theory. In addition, the PCT function can work 
well with other types of MDR methods. Our experiments also 
showed that our proposed method effectively saves processing 
time when used along with the original MDR method.  

In a practical case (control) study using MDR involving a 
large number of SNPs, we could apply various filter algorithms 
to pre-filter, such as ReliefF [20] and BEAM [21], but these 
filters do not guarantee an optimal solution. The proposed pre-
evaluation is a good alternative. Even though the pre-
evaluation step is faster than the whole MDR process, the time 
needed to execute MDR is also greatly increased when the 
dimension of the SNPs increases because it calculates all 
combinations of SNPs within the given dimensions. If we 
reduce the number of SNP combinations and get the same 
result for all combinations, then we may expect execution time 
to improve. This topic will require further study. The R code 
for the proposed method can be found at 
http://biosw.dankook.ac.kr/biosw/boostMDR/.  
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