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 This report presents a non-parametric classification technique for identifying a 

candidate bi-allelic genetic marker set that best describes disease susceptibility in 

gene-gene interaction studies. The developed technique functions by creating a 

mapping between inferred haplotypes and case/control status. The technique cycles 

through all possible marker combination models generated from the available marker 

set where the best interaction model is determined from prediction accuracy and two 

auxiliary criteria including low-to-high order haplotype propagation capability and 

model parsimony. Since variable-length haplotypes are created during the best model 

identification, the developed technique is referred to as a variable-length haplotype 

construction for gene-gene interaction (VarHAP) technique. VarHAP has been 

benchmarked against a multifactor dimensionality reduction (MDR) program and a 

haplotype interaction technique embedded in a FAMHAP program in various two-

locus interaction problems. The results reveal that VarHAP is suitable for all 

interaction situations with the presence of weak and strong linkage disequilibrium 

among genetic markers. 

 

Keywords: Case-control studies, Gene-gene interaction, Haplotype, 

  Linkage disequilibrium, Non-parametric classification 
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Executive Summary 

 

 

This report presents a non-parametric classification technique for identifying a 

candidate set of single nucleotide polymorphisms (SNPs)—bi-allelic genetic 

markers—that best describes disease susceptibility in gene-gene interaction studies. 

The developed technique functions by creating a mapping between inferred 

haplotypes and case/control status. The technique cycles through all possible marker 

combination models generated from the available marker set where the best 

interaction model is determined from prediction accuracy and two auxiliary criteria 

including low-to-high order haplotype propagation capability and model parsimony. 

Since variable-length haplotypes are created during the best model identification, the 

developed technique is referred to as a variable-length haplotype construction for 

gene-gene interaction (VarHAP) technique. VarHAP has been benchmarked against a 

multifactor dimensionality reduction (MDR) program and a haplotype interaction 

technique embedded in a FAMHAP program in various two-locus interaction 

problems. The interaction scenarios of interests include both epistasis and 

heterogeneity. The results reveal that VarHAP is suitable for all interaction situations 

with the presence of weak and strong linkage disequilibrium among genetic markers. 
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Section 1  Introduction 

1. Introduction 

Genetic epidemiology is a research field which aims to identify genetic 

polymorphisms that involve in disease susceptibility. Usual candidate polymorphisms 

include restriction fragment length polymorphisms (RFLPs), variable numbers of 

tandem repeats (VNTRs) and single nucleotide polymorphisms (SNPs). In recent 

years, SNPs are the most common choices due to simplicity and cost reduction in 

identification protocols. SNPs in diploid organisms are excellent bi-allelic genetic 

markers for various studies including genetic association, gene-gene interaction and 

gene-environment interaction. The availability of multiple SNPs on the same gene can 

also lead to haplotype analysis where genotypes of interest can be phased into pairs of 

haplotypes. 

 Traditional techniques for identification of relationship between a single SNP 

and disease susceptibility status involve various univariate statistical tests including 

2χ  and odds ratio tests (Lewis, 2002; Montana, 2006). However, many 

complementary computational techniques have been developed in the past decade to 

handle problems that involve multiple SNPs. Heidema et al. (2006) have categorised 

these multi-locus techniques, which are capable of identifying a candidate SNP set 

from possible SNPs, into parametric and non-parametric methods. Examples of 

parametric method cover logistic regression techniques (Nagelkerke et al., 2005) and 

neural networks (Ritchie et al., 2003). On the other hand, examples of non-parametric 

method include a set association approach (Hoh et al., 2001), combinatorial 

techniques (Nelson et al., 2001; Hahn et al., 2003; Culverhouse et al., 2004) and 

recursive partitioning techniques (Lunetta et al., 2004; Bureau et al., 2005). In some 

of mentioned parametric (Ritchie et al., 2003; Nagelkerke et al., 2005) and non-

parametric (Hahn et al., 2003; Lunetta et al., 2004; Bureau et al., 2005) methods, 
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Section 1  Introduction 

pattern recognition and classification approaches have been successfully implemented 

as their core engines. 

 In addition to single and multiple SNP analysis, haplotype analysis has also 

gained attention from genetic epidemiologists. Haplotypes provide a record of 

evolutionary history more accurately than individual SNPs. Further, haplotypes can 

capture the patterns of linkage disequilibrium (LD)⎯a phenomenon where SNPs that 

are located in close proximity tend to travel together⎯in genome more accurately. 

Therefore, haplotypes may enable susceptibility gene identification in complex 

diseases more effectively than individual SNPs (Silverman, 2007). In lieu of this 

evidence, haplotype analysis should also be considered in addition to direct genotype 

analysis. Many computational techniques use haplotypes, which are inferred from 

multiple SNPs, as problem inputs. For instance, Sham et al. (2004) proposes a logistic 

regression technique that produces a mapping model between haplotypes and disease 

status while Becker et al. (2005) combine haplotype explanation probabilities of given 

genotypes from multiple gene or unlinked region data into a scalar statistic for a 

univariate test. Nonetheless, haplotypes have rarely been used as inputs for non-

parametric classifiers for genetic association and interaction studies. 

 In this report, a variable-length haplotype construction for gene-gene 

interaction (VarHAP) technique is proposed. The technique will involve non-

parametric classification where haplotypes inferred from multiple SNP data are the 

classifier inputs. The chosen architecture for non-parametric classifier is the 

multifactor dimensionality reduction (MDR) technique (Hahn et al., 2003). Similar to 

the original MDR technique, the proposed technique would be able to identify 

appropriate candidate SNPs from possible SNPs and can be used in case-control 
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genetic interaction studies. However, the technique would also be able to handle the 

situation where disease susceptibility is detectable in different haplotype backgrounds. 
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Section 2  MDR, Haplotype Inference and Haplotype Explanation Probability 

2. MDR, Haplotype Inference and Haplotype Explanation Probability 

 

2.1. MDR 

MDR is a classifier-based technique that is capable of identifying the best genetic 

marker combination among possible markers for the separation between case and 

control samples. Similar to other classification systems, a k-fold cross-validation 

technique provides a means to determine the classification accuracy of the candidate 

marker model. Basically, the combined case and control samples are randomly 

divided into k folds where 1k −  folds of samples are used to construct a decision table 

for the classifier while the remaining fold of samples is used to identify the prediction 

capability of the constructed decision table. The decision table construction and 

testing procedure is repeated k times. Hence, the samples in each fold will always be 

utilised both to construct and to test the decision table. The number of cells in a 

decision table is given by  where  is the number of candidate markers selected 

from possible markers and G is the number of possible genotypes according to the 

marker. For a SNP, which is a bi-allelic marker, G is equal to three. During the 

decision table construction, each cell in the table is filled with case and control 

samples that have their genotype corresponds to the cell label. The ratio between 

numbers of case and control samples will provide the decision for each cell whether 

the corresponding genotype is a disease-predisposing or protective genotype. An 

example of decision table construction is illustrated in Figure 1. The prediction 

accuracy of the decision table is subsequently evaluated by counting the numbers of 

case and control samples in the testing fold that their disease status can be correctly 

identified using the constructed decision rules. The process of decision table 

construction and evaluation must be cycled through all or some of possible 

cnG cn

2 1mn −  
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combinations where  is the total number of available markers in the study. The best 

genetic marker combination is determined from three criteria: prediction accuracy, 

cross-validation consistency and a sign test p-value. Each time that a testing fold is 

used for prediction accuracy determination, the accuracy of the interested marker 

combination model can be compared with that from other models that also contain the 

same number of markers. The model that consistently ranks the first in comparison to 

other choices with the same amount of markers would have high cross-validation 

consistency. The non-parametric sign test p-value is calculated from the number of 

testing folds with accuracy greater than or equal to 50%. This single-tailed p-value is 

given by 

mn

  1
2

ff

a

nn
f

i n

n
p

i=

⎛ ⎞⎛ ⎞= ⎜ ⎟⎜ ⎟
⎝ ⎠⎝ ⎠

∑  (1) 

where fn  is the total number of cross-validation folds and  is the number of cross-

validation folds with testing accuracy ≥ 50% (Hahn et al., 2003). Among three 

criteria, prediction accuracy is the main criterion for decision making while the other 

criteria are only used as auxiliary measures. Cross-validation consistency generally 

confirms that the high rank model can be consistently identified regardless of how the 

samples are divided for cross-validation. On the other hand, a sign test p-value 

indicates the number of testing folds with acceptable prediction accuracy and hence 

describes the usability of the model in the classification task. In the situation where 

two or more models with different number of markers are equally good in terms of 

prediction accuracy, cross-validation consistency and sign test p-value, the most 

parsimonious model⎯the combination with the least number of markers⎯will be the 

best model. 

an
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2.2. Haplotype Inference 

With the availability of multiple SNPs from the same gene, haplotypes can be inferred 

from given genotypes. Let ‘0’ and ‘1’ denote the major (common) and minor (rare) 

alleles at a SNP location in a haplotype. A genotype can then be represented by a 

string, which consists of three characters: ‘0’, ‘1’ and ‘2’. In the genotype string, ‘0’ 

denotes a homozygous wide-type site, ‘1’ denotes a heterozygous site and ‘2’ denotes 

a homozygous variant or homozygous mutant site. A genotype with all homozygous 

sites or single heterozygous site can always be phased into one pair of haplotypes. On 

the other hand, a genotype with multiple heterozygous sites can be phased into 

multiple haplotype pairs. For example, genotype 0102 leads to haplotypes 0001 and 

0101 while genotype 0112 leads to two possible haplotype pairs: 0001/0111 and 

0011/0101. Many algorithms exist for haplotype inference (Excoffier and Slatkin, 

1995; Stephens et al., 2001; Niu et al., 2002). In this report, an expectation-

maximisation algorithm (Excoffier and Slatkin, 1995) is the chosen technique due to 

its simplicity and implementation efficacy. Regardless of the inference technique 

employed, the usual result from an inference algorithm covers haplotype frequencies 

and possible haplotype phases of each genotype. 

 

2.3. Haplotype Explanation Probability 

In a genomic region with multiple heterozygous sites, multiple pairs of haplotypes can 

be inferred from a given genotype. The probability of a genotype to be phased into 

one specific pair of haplotypes would depend on the frequencies of haplotypes 

constituting the pairs (Becker et al., 2005). This probability is given by 

  
( , )k l

i j
ij

k lh h H

f f
w

f f
∈

=
∑

 (2) 
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where  is the probability for haplotype pair ij, ijw if  denotes the frequency of the ith 

haplotype,  is the kth haplotype and H represents the set of haplotype explanations 

which are compatible with the genotype of interest. For example, genotype 0110 can 

be phased into two haplotype pairs: 0000/0110  and 0010/0100 . 

If the frequencies for haplotypes 0000, 0010, 0100 and 0110 are respectively 0.5, 

0.2, 0.2 and 0.1, the probabilities for the pairs 0000/0110 and 0010/0100 are 

0.556 and 0.444. Obviously, the probability of a genotype with all homozygous sites 

or single heterozygous site to be phased into a pair of haplotypes would be equal to 

one. In genetic interaction studies where the number of genes or unlinked regions is 

greater than one, the haplotype explanation probabilities from all regions can be 

combined together. An overall contribution by one sample to haplotype configuration 

 in a study with  genes/unlinked regions is given by 

kh

1 4( / )h h 2 3( / )h h

1 2( , ,..., )un
j j jh h h un

  1 2( , ,..., )
1

(1 )
2

2

u

nu
j j j

in
jki

jkh h h
i

c w
δ

=

+
= ∏  (3) 

where  is the contribution value and δ is defined as 1 2( , ,..., )nu
j j jh h h

c 1jkδ =  for  and j k=

0jkδ =  for . In the previous example where haplotypes from only one region are 

considered, 

j k≠

1
0.556hc = , , 

2
0.444hc =

3
0.444hc =  and 

4
0.556hc = . Notice that the sum 

of contribution values is equal to two; this reflects the fact that each genotype is made 

up from two haplotypes. Becker et al. (2005) use this contribution value in the 

construction of a contingency table where a 2χ  test statistic is subsequently 

calculated. With the use of a Monte Carlo simulation, an estimated p-value is then 

obtained for the test statistic. Similar to the model exploration strategy in MDR, the 

process of contingency table construction and p-value calculation can also be cycled 

through all or some of possible interaction models. The model with appropriate 
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candidate SNPs taken from possible SNPs is the one with minimum p-value and is 

said to be the best model for interaction explanation. This statistics-based procedure 

can be found as an integral part of the FAMHAP program (Becker and Knapp, 2004). 
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Figure 1. An MDR decision table which is constructed using 1,200 case-control 

samples. The genotype of each sample is determined from two SNPs. The table 

consists of nine cells where each cell represents a unique genotype. The left (black) 

bar in each cell represents the number of case samples while the right (white) bar 

represents the number of control samples. The cells with genotypes AaBb, aaBb, 

Aabb and aabb are labelled as predisposing genotypes while the cells with genotypes 

AABB, AaBB, aaBB, AABb and AAbb are labelled as protective genotypes. 
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Section 3  VarHAP 

3. VarHAP 

VarHAP is proposed for case-control interaction studies. Similar to MDR, the 

technique is also a classifier-based technique. However, instead of using a genotype 

data analysis as a means to identify the best SNP combination, the decision table for 

classification is constructed from the haplotype contribution value described earlier. 

As a result, haplotypes with different lengths must be inferred during the search for 

the best model. The number of decision cells during the consideration on haplotypes 

constructed from a specific set of SNPs is governed by the total number of possible 

haplotype configurations as illustrated in Figure 2. In brief, VarHAP would maintain 

the ability to find the best SNP combination while also be able to identify possible 

disease-predisposing and protective haplotype configurations. 

 Since VarHAP is essentially a classification system, the principal criterion for 

choosing the optimal SNP combination model is still the prediction accuracy. 

However, with the use of haplotype contribution value as a means for decision rule 

construction, an additional model selection criterion that exploits the nature of 

haplotype can be formulated. This criterion can be referred to as haplotype 

propagation capability. Basically, if a haplotype constructed from a specific set of 

SNPs is related to disease susceptibility status, haplotypes constructed from a SNP set 

which is a superset of the previously specified SNPs should also predict the same 

relationship. This implies that predisposing and protective haplotypes in a low-order 

model must be able to propagate into haplotypes in high-order models. For example, 

consider a single-gene problem with four possible SNPs: X1, X2, X3 and X4. If 

haplotypes in the model with SNPs (X2, X4) are related to disease susceptibility, 

haplotypes in the models with SNPs (X1, X2, X4), (X2, X3, X4) and (X1, 

X2, X3, X4) should produce the same result. The haplotype propagation 
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capability, which is a dichotomous criterion, can be determined from the evidence that 

the sign test p-value and the prediction accuracy can be maintained throughout the 

process of model order increment. Again, in the situation where two or more models 

with different number of SNPs are equally good in terms of both prediction accuracy 

and haplotype propagation capability, the most parsimonious model will be the best 

model. 
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Section 3  VarHAP 

 

 

 

Figure 2. A VarHAP decision table which is constructed from 1,200 case-control 

samples. Haplotypes in the first gene are obtained from one SNP while haplotypes in 

the second gene are inferred from two SNPs. The table consists of eight cells where 

each cell represents a unique haplotype configuration. The left (black) bar in each cell 

represents the accumulative contribution from case samples while the right (white) 

bar represents the accumulative contribution from control samples. The cells with 

haplotype configurations , , , ,  and  

are labelled as predisposing haplotype configurations while the cells with haplotype 

configurations  and  are labelled as protective haplotype 

configurations. 

1 2
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Section 4  Data Sets 

4. Data Sets 

The performance of the proposed VarHAP technique is evaluated through benchmark 

trials. 12 simulated data sets, which represent various gene-gene interaction 

phenomena including epistasis and heterogeneity, are considered (Knapp et al., 1994; 

Becker et al., 2005). Each data set contains 600 case samples and 600 control 

samples. Each sample consists of 10 total SNPs from two genes where five SNPs 

exist in each gene. All SNPs in control samples are in Hardy-Weinberg equilibrium 

(Hardy, 1908). Only one SNP from each gene is interacted with one another. The two-

locus interaction models are illustrated in Table 1. The epistatic models Ep-1−Ep-6 

and the heterogeneity models Het-1−Het-3 have been discussed by Neuman and Rice 

(1992), who also provide examples of diseases for which these models may be 

applicable. The heterogeneity models S-1 and S-2 and the epistatic model S-3 have 

been investigated by Schork et al. (1993). From Table 1, if the frequency of the 

disease allele at a locus is greater than 0.5, the major allele is the disease allele. 

Otherwise, the minor allele is the disease allele. These interaction models describe 

disease susceptibility status in terms of penetrance. Penetrance of a genotype with a 

specific number of disease alleles is the probability that a subject with this genotype 

has the disease. The test data sets are simulated by a genomeSIM package (Dudek et 

al., 2006) with the default setting. As a result, it is also possible to vary the LD pattern 

among SNPs in the same gene. This leads to two main case studies that need to be 

explored: strong LD and weak LD cases. In the strong LD case, the susceptibility-

causative SNP in each gene and its two adjacent SNPs are in linkage disequilibrium 

where Lewontin’s  value (Lewontin, 1988) is in the range of 0.80−0.95. In 

contrast, the Lewontin’s 

D′

D′  value for each pairwise LD measurement between 

susceptibility-causative SNP and its adjacent SNPs is in the range of 0.50−0.60 in the 
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weak LD case. In the strong LD case, an interaction detection technique should be 

able to identify both the actual two-locus model that directly leads to disease 

susceptibility and other alternative models which consist of SNPs in strong LD 

patterns. The ability to detect these other models is important. This is because it is not 

always straightforward to identify SNPs which are responsible for disease 

susceptibility in real case-control interaction studies. In contrast, an interaction 

detection technique should narrow the search to the original two-locus model in weak 

LD case since it is the only usable model. 
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Section 4  Data Sets 

Table 1. Description of two-locus disease models.  is the penetrance of a genotype 

carrying i disease alleles at locus 1 and j disease alleles at locus 2. 

ijd

1p  is the frequency 

of the disease allele at locus 1 while 2p  is the frequency of the disease allele at locus 

2. 22ψ φ φ= − . 

 

Model 22d  21d  20d  12d  11d  10d  02d  01d  00d  1p  2p  φ 
Ep-1 φ φ 0 φ φ 0 0 0 0 0.210 0.210 0.707
Ep-2 φ φ 0 0 0 0 0 0 0 0.600 0.199 0.778
Ep-3 φ 0 0 0 0 0 0 0 0 0.577 0.577 0.900
Ep-4 φ φ 0 φ 0 0 φ 0 0 0.372 0.243 0.911
Ep-5 φ φ 0 φ 0 0 0 0 0 0.349 0.349 0.799
Ep-6 0 φ φ φ 0 0 φ 0 0 0.190 0.190 1.000
Het-1 ψ ψ φ ψ ψ φ φ φ 0 0.053 0.053 0.495
Het-2 ψ ψ φ φ φ 0 φ φ 0 0.279 0.040 0.660
Het-3 ψ φ φ φ 0 0 φ 0 0 0.194 0.194 1.000
S-1 φ φ φ φ φ φ φ φ 0 0.052 0.052 0.522
S-2 1 1 1 φ φ 0 φ φ 0 0.228 0.045 0.574
S-3 1 1 φ 1 φ 0 φ 0 0 0.194 0.194 0.512
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Section 5  Results and Discussions 

5. Results and Discussions 

VarHAP is benchmarked against MDR and FAMHAP. Since the test data contains 10 

SNPs, all three techniques have to explore  possible SNP combination 

models. An initial investigation reveals that with the use of minimum p-value as the 

sole model selection criterion, FAMHAP reports a large number of models with the 

estimated p-value equals to zero. As a result, haplotype propagation capability is also 

implemented as an additional model selection criterion. Further, the parsimony 

criterion is also utilised when there is a tie between multiple models with different 

number of SNPs. The results from all three techniques in weak and strong LD case 

studies are summarised in Tables 2 and 3, respectively. 

102 1 1,023− =

 The prediction accuracy of MDR is higher than that of VarHAP in both case 

studies. This is because VarHAP uses contribution values which are obtained from 

inferred haplotypes instead of inferred diplotypes⎯pairs of haplotypes that together 

describe correct phases of given genotypes⎯to create decision rules. Consider a 

situation where disease susceptibility can be determined from a single SNP where the 

predisposing genotype is the homozygous variant. In other words, the disease 

susceptibility can be described by a recessive genetic model. MDR can easily classify 

the heterozygous and homozygous wide-type genotypes as protective genotypes. 

However, VarHAP would only correctly classify both homozygous genotypes since 

each genotype is made up from two copies of the same haplotype: two major alleles 

for the homozygous wide-type and two minor alleles for the homozygous variant. 

VarHAP would partially misclassify samples with heterozygous genotype. This is 

because VarHAP identifies the major allele as the protective allele and the minor 

allele as the predisposing allele. In order to increase the prediction accuracy of 

VarHAP, it may be necessary to construct decision tables from diplotype information 
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Section 5  Results and Discussions 

instead of haplotype contribution values. Nonetheless, this will also rapidly increase 

the dimensions of decision tables in VarHAP. 

 In the weak LD case study, both MDR and VarHAP are able to identify 

correct sets of SNPs that lead to disease susceptibility. On the other hand, FAMHAP 

reports both actual and alternative interaction models. This is undesirable since it 

would not be possible to further explain disease susceptibility from multiple candidate 

models in the absence of strong linkage disequilibrium among SNPs. In other words, 

FAMHAP is quite sensitive in this situation. Further analysis reveals that MDR is 

marginally better than VarHAP in two epistasis problems: Ep-2 and Ep-5. MDR 

correctly identifies models which contain two SNPs while the models located by 

VarHAP contain a few extra SNPs. Nonetheless, these two models identified by 

VarHAP are still useful to susceptibility explanation. 

 All three techniques are able to locate correct interaction models in the strong 

LD case study. However, only FAMHAP and VarHAP are capable of identifying 

alternative models. Since MDR suggests one candidate model for each fixed-number 

SNP set, it would not be possible for MDR to produce any alternative models. Recall 

that these alternative models are equally important since SNPs in the principal two-

locus interaction model and SNPs from an alternative model are in strong linkage 

disequilibrium. This implies that disease susceptibility can be explained using either 

the original interaction model or the alternative models. This disadvantage in MDR 

can be overcome if the cross-validation consistency criterion can be replaced by other 

decision criteria. In this case study, FAMHAP is marginally better than VarHAP in 

terms of alternative model identification in three epistasis and heterogeneity 

problems: Ep-3, Ep-6 and Het-3. This means that FAMHAP is at its best when SNPs 

are in strong linkage disequilibrium. Nonetheless, the overall results from both case 
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Section 5  Results and Discussions 

studies suggest that VarHAP is the best technique. This is concluded from the fact 

that VarHAP does not report ambiguous results in weak LD case study while is also 

capable of producing alternative models in strong LD case study. This is crucial 

because it is impossible to know beforehand whether susceptibility-causative SNPs 

are in weak or strong linkage disequilibrium with other SNPs in real case-control 

interaction studies. In other words, a technique that performs satisfactorily in both 

weak and strong LD cases would have an advantage over a technique that functions 

well in only one scenario. 
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Section 5  Results and Discussions 

Table 2. MDR, VarHAP and FAMHAP results from the weak LD case study. 10-fold 

cross-validation is used in MDR and VarHAP. The prediction accuracy is obtained for 

the identified principal interaction model. Estimated p-values in FAMHAP results are 

equal to zero while sign test p-values in MDR and VarHAP results are less than 0.001 

in all two-locus problems. The technique is said to be able to identify the correct 

gene-gene interaction model if the reported principal model contains both SNPs 

which are directly participated in the interaction model. Alternative models are 

models which contain at least two SNPs where each SNP must be either a SNP from 

the two-locus model or a SNP which is in linkage disequilibrium with one of the 

SNPs from the model. The number in each bracket denotes the order of the identified 

model (the number of SNPs in the model). 

 

Two- MDR VarHAP Correct Alternative 
Locus Prediction Prediction Model Model 
Model Accuracy Accuracy Identification Identification 
 (%) (%) Technique Technique 
Ep-1 98.00 73.92 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Ep-2 98.58 78.39 MDR(2), VarHAP(4), FAMHAP(2) FAMHAP(2) 
Ep-3 99.50 87.50 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Ep-4 99.25 78.96 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Ep-5 98.42 75.19 MDR(2), VarHAP(3), FAMHAP(2) FAMHAP(2) 
Ep-6 100.00 85.10 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Het-1 93.75 73.29 MDR(2), VarHAP(2), FAMHAP(2)  
Het-2 97.33 78.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Het-3 100.00 84.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
S-1 94.00 72.98 MDR(2), VarHAP(2), FAMHAP(2)  
S-2 97.58 79.81 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
S-3 96.75 79.15 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
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Section 5  Results and Discussions 

Table 3. MDR, VarHAP and FAMHAP results from the strong LD case study. The 

explanation for how the results are obtained and displayed is the same as that given in 

Table 2. 

 

Two- MDR VarHAP Correct Alternative 
Locus Prediction Prediction Model Model 
Model Accuracy Accuracy Identification Identification 
 (%) (%) Technique Technique 
Ep-1 98.00 73.92 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
Ep-2 98.58 77.02 MDR(2), VarHAP(4), FAMHAP(2) VarHAP(4), 
    FAMHAP(2) 
Ep-3 99.50 87.50 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Ep-4 99.25 78.96 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
Ep-5 98.42 75.87 MDR(2), VarHAP(3), FAMHAP(2) VarHAP(3), 
    FAMHAP(2) 
Ep-6 100.00 85.10 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
Het-1 93.75 75.41 MDR(2), VarHAP(3), FAMHAP(2) VarHAP(3), 
    FAMHAP(2) 
Het-2 97.33 78.40 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
Het-3 100.00 84.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2) 
S-1 94.00 72.98 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
S-2 97.58 79.81 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
S-3 96.75 79.15 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2), 
    FAMHAP(2) 
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Section 6  Conclusions 

6. Conclusions 

In this report, a non-parametric pattern recognition/classification technique for case-

control gene-gene interaction studies is presented. Instead of using direct genotype 

inputs in classification, inferred haplotypes, which are obtained through an 

expectation-maximisation algorithm (Excoffier and Slatkin, 1995), are used as inputs. 

Each case/control sample contributes values derived from inferred haplotypes to 

decision tables which are constructed and tested for all possible gene-gene interaction 

models. The technique primarily uses prediction accuracy obtained from k-fold cross-

validation as a means for identifying candidate SNPs which are responsible for 

disease susceptibility. The technique also employs haplotype propagation capability 

as an additional criterion. If the selection procedure ends in a tie between two or more 

models with different number of SNPs, the most parsimonious model is then reported 

as the interaction model. Since haplotypes with different length must be constructed 

during model identification, the proposed technique can be referred to as a variable-

length haplotype construction for gene-gene interaction (VarHAP) technique. 

VarHAP has been benchmarked against two interaction model detection programs 

namely MDR (Hahn et al., 2003) and FAMHAP (Becker and Knapp, 2004; Becker et 

al., 2005) in 12 two-locus epistasis and heterogeneity problems (Knapp et al., 1994; 

Becker et al., 2005). The results reveal that FAMHAP reports multiple ambiguous 

models in the presence of weak linkage disequilibrium among input SNPs while MDR 

is not suitable for alternative interaction model identification when input SNPs are in 

strong linkage disequilibrium. In contrast, VarHAP emerges as the most suitable 

technique in both situations involving weak and strong linkage disequilibrium. 

Suggestions for further improvement of MDR and VarHAP are also included. 

 

 21



   

Supplementary Information 

VarHAP, which is implemented in Java, and the simulated data sets used in the report 

are available upon request (e-mail: nchl@kmutnb.ac.th). In addition to the use of the 

genomeSIM package (Dudek et al., 2006), the data sets can also be generated by a 

SNaP package (Nothnagel, 2002). Readers might also be interested in applying the 

techniques discussed in this report to examples of case-control data sets, which are 

publicly available from the Wellcome Trust Case Control Consortium (The Wellcome 

Trust Case Control Consortium, 2007). 
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Output from the Project 

The research results have been published in two international journal articles; details 

of these articles follow. 

1. Thongngarm, T., Jameekornrak, A., Limwongse, C., Sangasapaviliya, A., 

Jirapongsananuruk, O., Assawamakin, A., Chaiyaratana, N., Luangwedchakarn, 

V. and Thongnoppakhun, W. (2008). Association between ADAM33 

polymorphisms and asthma in a Thai population. Asian Pacific Journal of Allergy 

and Immunology, 26, 205−211 (2007 Journal Impact Factor = 0.567). 

2. Assawamakin, A., Chaiyaratana, N., Limwongse, C., Sinsomros, S., 

Yenchitsomanus, P.-T. and Youngkong, P. (2009). Variable-length haplotype 

construction for gene-gene interaction studies. IEEE Engineering in Medicine and 

Biology Magazine, 28, in press (2007 Journal Impact Factor = 1.066). 
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Appendix 

Publication of the Research Results 

 

A.1. Asian Pacific Journal of Allergy and Immunology 

Thongngarm, T., Jameekornrak, A., Limwongse, C., Sangasapaviliya, A., 

Jirapongsananuruk, O., Assawamakin, A., Chaiyaratana, N., Luangwedchakarn, V. 

and Thongnoppakhun, W. (2008). Association between ADAM33 polymorphisms and 

asthma in a Thai population. Asian Pacific Journal of Allergy and Immunology, 26, 

205−211 (2007 Journal Impact Factor = 0.567). 
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Association between ADAM33 Polymor-
phisms and Asthma in a Thai Popula-
tion 
 
 
 
Torpong Thongngarm1, Aree Jameekornrak1, Chanin Limwongse2,5, Atik Sangasapaviliya3, Orathai 
Jirapongsananuruk4, Anunchai Assawamakin5, Nachol Chaiyaratana5,6, Voravich Luangwedchakarn7 
and Wanna Thongnoppakhun5

 
 
 

SUMMARY ADAM33 (A Disintegrin And Metalloprotease 33) is an asthma susceptibility gene found across sev-
eral human populations.  However, no information on ADAM33 exists for Thai population. The objective of this 
study was to determine the association, if any, between ADAM33 polymorphisms and asthma in Thai subjects. 
Genotyping revealed 8 single nucleotide polymorphisms (SNPs) within the 3′ region of the ADAM33 gene among 
200 asthmatics and 100 control subjects.  Asthmatic subjects were further sub-categorized into high and low sever-
ity groups. Multiple genetic model statistic tests for single-marker and haplotype association were carried out.  Dif-
ferences in allele frequencies at the SNPs rs528557/S2, rs598418 and rs44707/ST+4 in asthmatics were statisti-
cally significant compared to controls.  The SNP rs528557/S2 could also be linked to the low severity group and the 
SNPs rs598418 and rs44707/ST+4 with the high severity group. Two-SNP haplotype analysis at the SNPs 
rs528557/S2 and rs598418 revealed a significant association with asthma. This study in a Thai population con-
firmed a positive association between ADAM33 polymorphisms and asthma susceptibility. 
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Asthma is a common chronic respiratory dis-
ease in which chronic inflammation leads to an air-
flow obstruction and bronchial hyperresponsiveness 
(BHR) and results in irreversible structural changes 
in airway remodeling.1  The cause of this disease is 
believed to be a complex combination of multiple 
genetic and environmental factors which lead to het-
erogeneous phenotypes such as variable degrees of 
atopic involvement and severity.2 Early family and 
twin studies support the role of genetics in the devel-
opment of the disease.3,4  A large number of associa-
tion and linkage studies have identified over 100 
genes related to asthma. However, less than a dozen 
of these are associated with asthma, according to a 
large number of independent reports.5 This group of 
highly promising candidates, discovered through ge-
nome-wide linkage analysis, consists of known 

pathogenesis-related genes and also novel genes of 
unprecedented linkage to asthma. 

 
The first positionally-cloned asthma suscep-

tibility gene is a member of the ADAM (A Disin-
tegrin And Metalloprotease) gene family, ADAM33, 
which is located on human chromosome 20p.6 Ge-
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netic linkage analysis and association studies of 
families with asthma across diverse ethnic back-
grounds support a relationship between ADAM33 
polymorphisms and asthma phenotypes and airway 
hyperreactivity (AHR).7-10 The mouse orthologue of 
ADAM33 also lies in the region linked to AHR.11 
The precise mechanisms behind polymorphic varia-
tions in ADAM33 or their encoded proteins in con-
tributing to asthma development remain under in-
tense investigation. Selective expression of the 
ADAM33 mRNA and its protein in adult bronchial 
smooth muscle and human embryonic bronchi and 
surrounding mesenchyme indicate specific roles of 
the gene in the observed phenotypes of AHR and 
airway remodeling.12-14

 
Despite the above notion, negative associa-

tions between ADAM33 polymorphisms with asthma 
have been reported from ethnically different popula-
tions.15-17 Among various factors, a heterogeneity of 
allelic frequencies at certain loci among samples 
from these groups may be yielding discordant re-
sults. There is an increased prevalence of asthma in 
Thailand which may be following similar trends ob-
served in many Western and Asian countries.  How-
ever, the differences in the genetic background of the 
Thai population may account for different asthma 
susceptibility genes.18 Therefore, we sought to de-
termine ADAM33 polymorphisms in Thai asthmatics 
and compared them with non-asthmatic counterparts. 

 
MATERIALS AND METHODS 

 
Subjects  

 
One hundred control subjects and 200 asth-

matics of Thai nationality were recruited from pedi-

atric and adult allergy and immunology clinics from 
two tertiary care centers in Bangkok, Thailand. 
Asthma was diagnosed based on symptoms and on 
spirometry assessments using the criteria outlined by 
the American Thoracic Society. Degrees of asthma 
severity were determined according to guidelines 
provided by the Global Initiative for Asthma.19 Con-
trol subjects were asymptomatic for asthma and were 
devoid of atopic or pulmonary diseases. Pregnant or 
lactating female subjects were excluded. The study was 
in accordance with the Helsinki Declaration and ap-
proved by the local institutional review boards, and 
all subjects provided informed, written consent. 
 
Polymorphism genotyping 

 
ADAM33 polymorphisms were genotyped in 

the 3′ region, from exon 19 to exon 22, by direct se-
quencing of genomic DNA extracted from peripheral 
blood leukocytes. The PCR primers designed by the 
authors are shown in Table 1. They were used to 
amplify gene segments that spanned eight previously 
reported SNP locations, which are also known to be 
associated with the asthma phenotype across ethni-
cally diverse populations.7 These SNPS are 
rs3918396/S1, rs528557/S2, rs44707/ST+4, rs574174/ 
ST+7, rs2280091/T1, rs2280090/T2, rs543749/V-1 
and rs2787094/V4. PCR was performed in a 25-µl 
reaction volume containing 1x buffer, 1.0 mM 
MgCl2, 200 µM dNTPs, 1x Q-solution, 1.0 µM of 
each primer, 1.0 U Taq polymerase (Qiagen, Hilden, 
Germany) and 50 ng of genomic DNA. Reactions 
consisted of 30 cycles of denaturation at 94ºC for 30 
seconds, annealing at the optimal melting tempera-
ture for 30 seconds, and extension at 72ºC for 1 min-
ute on a PTC-100 Programmable Thermal Controller 
(MJ Research, Waltham, USA). PCR products were 

 
Table 1   Oligonucleotide primers used for resequencing the 3' region of ADAM33 

 

Position Forward primer 5' 3' Reverse primer 5' 3' 

Exon 19 5'-TGACTGCCTGCCACAGCCAC-3' 5'-TCTGAGGAGGGGAACCGCAG-3' 
Intron 19-1 5'-GCAGTGGGTAGGCTCCGAGC-3' 5'-AGAGTGCCTGCCCTGCCTAG-3' 
Intron 19-2 5'-GCGGAGTGGGGAGTCACATAATAC-3' 5'-GGCTGGCACCTCCTCTCTCTAG-3' 
Exon 20, 21 5'-AGGTTCTTTGGAAGCTGAGCG-3' 5'-ACTGAGGGGTGGGAGAGGTG-3' 
Intron 21 5'-GGCAGGGACCTGGATTCAAAG-3' 5'-CACACCAGACTCCCAGGACAGAG-3' 
Exon 22 5'-GTCCCAGAAGCAAAGGTCACAC-3' 5'-TGCGGTGTCTTGCTGTGTTG-3' 
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purified by the PCR purification kit (Qiagen, Hilden, 
Germany) and were used as DNA template for cycle 
sequencing. Direct DNA sequencing was performed 
using a DYEnamic ET Terminator cycle sequencing 
kit (Amersham Bioscience, UK). Sequencing reac-
tions were prepared in 10-µl volumes containing 1.0 
µM primer, 5 pmol DYE-ET and 30 ng of DNA 
template and subjected to 25 cycles of denaturation 
at 95ºC for 20 seconds, annealing at 50ºC for 15 sec-
onds, and extension at 60ºC for 1 minute on a PTC-
100 Programmable Thermal Controller. 

 
Statistical analysis 

 
The distribution of allele frequencies was 

tested for conformity to the Hardy-Weinberg equilib-
rium by χ2 test. The degree of linkage disequilibrium 
between loci were measured using Lewontin’s D′.20 
Each SNP was analyzed by comparing differences in 
genotype frequencies between those in the asthmatic 
and control groups stratified by population, and χ2 
tests for association were performed.21 In order to 
analyze the association between the severity of 
asthma and ADAM33 polymorphisms, we sub-
categorized asthmatic subjects into two groups, 
termed the high and low severity groups. The high 
severity group included subjects suffering from 
moderate to severe persistent asthma, whereas the 
low severity group consisted of subjects with inter-
mittent and mild persistent asthma. The degree of 
asthma severity was classified as per the guidelines 
provided by the Global Initiative for Asthma. 

 
Haplotype association analysis 

  
Haplotype association analysis was carried 

out in two steps. An optimal SNP set for association 
was first identified by single marker analysis. Then, 
in the second step, genetic models for haplotype as-
sociation based on the optimal SNP set were identi-
fied using HAPSTAT.22-24 Likelihood ratio tests 
were performed for each genetic model. 

 
RESULTS 

 
One hundred control subjects (46 men and 54 

women, mean age 26 years) and 200 individuals suf-
fering from asthma (116 men and 84 women, mean 
age 29.86 years) were recruited and genotyped for 
ADAM33 polymorphisms. The control group had 
significantly higher lung function parameters than 
the asthmatic group. Asthmatic subjects showed a 
mean FEV1 (forced expiratory volume in 1 second) 
of 1.83 l (66.34% of predicted) and a mean FVC 
(forced vital capacity) of 2.89 l (80.14% of pre-
dicted). The mean duration of asthma was 10.68 
years.  Table 2 shows that subjects in the high sever-
ity group were significantly older and suffered from 
asthma for longer durations than those in the low se-
verity group. The mean FEV1 was significantly 
lower in the high severity group as compared to 
those of the low severity group. 

 
Genotyping analyses revealed eight SNPs in 

the 3′ region of ADAM33, being distributed in 
Hardy-Weinberg equilibrium. Only one SNP, 
rs528557/S2, was located on exon 19, while the 
other seven SNPs (rs2853209, rs598418, rs44707/ 
ST+4, rs597980, rs11905233, rs2787094/V4 and 
rs3746631) were located on intron 19 and 3' UTR.  
Genotype descriptions for each SNP are outlined in 
Table 3. 

 
Table 2   Clinical characteristics of high and low severity groups  
 

Characteristics* Low severity group       
(n = 95) 

High severity group        
(n = 105) 

p-value 

Age (years) 22.94 (17.99) 35.78 (17.06) < 0.0001 
Gender (M/F ratio) 1.21 1.56 NS 
Duration of asthma (years) 8.91 (6.91) 12.20 (8.23) 0.002 
FVC (% of predicted)  81.33 (21.15) 79.19 (16.57) NS 
FEV1 (% of predicted)  72.27 (16.27) 61.26 (15.83) < 0.0001 

*For age, duration of asthma, FVC and FEV1 characteristics, the displayed values are means while the numbers in brackets are 
SDs. For gender characteristics, the displayed values are the ratios between males and females. p-values are obtained from t-
tests except for the gender characteristic where the p-value is calculated using a Fisher’s exact test. FVC, forced vital capacity; 
FEV1, forced expiratory volume in 1 second; NS, non-significant. 
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Single SNP analysis 
 
Table 4 indicates that there are significant 

differences in the genotypes observed in asthmatics 
and in control groups for the SNPs rs528557/S2 (p = 
0.012), rs598418 (dominant model: p = 0.017, multi-
plicative model: p = 0.049) and rs44707/ST+4 (p = 
0.049). The asthmatic patients were divided into high 
and low severity subgroups based on clinical charac-
teristics, as previously described. There was a sig-
nificant difference in allele frequencies between the 
low severity and control groups for the SNP 
rs528557/S2 (p = 0.012). Differences in allelic dis-
tribution were also significant between the high se-
verity and control groups for the SNPs rs598418 (p = 
0.017) and rs44707/ST+4 (p = 0.045). No statisti-
cally significant differences in allele and genotype 
frequencies between high and the low severity 
groups were observed. 

Haplotype association analysis 
 
The frequency of the haplotype CT at the 

SNPs rs528557/S2 and rs598418 of asthmatic pa-
tients was significantly higher than that of controls (p 
= 0.036), as shown in Table 5A. Fig. 1 shows that 
these two SNPs are in strong LD (D' = 0.93995). At 
the SNPs rs598418 and rs44707/ST+4, a signifi-
cantly higher frequency of the haplotype CC in the 
control group when compared to the high severity 
group was observed (p = 0.046) whereas the haplo-
type TA was demonstrated to be an at-risk haplotype 
for the high severity group (p = 0.046), as shown in 
Table 5B. The SNPs rs598418 and rs44707/ST+4 are 
also in strong LD (D' = 0.98251) (Fig. 1). No signifi-
cant differences in the haplotype frequencies be-
tween the low severity group and the control group 
were observed.  

 

 
Table 3   Genotype description for ADAM33 SNPs in a Thai population 

 
Genotype, case (n = 200)/control (n = 100) 

SNP ID SNP type 
Homozygous wild-type Heterozygous Homozygous variant 

rs528557/S2 Exon GG (114/72) GC (77/21) CC (9/7) 
rs2853209 Intron AA (67/42) AT (106/45) TT (27/13) 
rs598418 Intron CC (46/36) CT (102/42) TT (52/22) 
rs44707/ST+4 Intron CC (63/43) CA (103/42) AA (34/15) 
rs597980 Intron CC (91/53) CT (97/38) TT (12/9) 
rs11905233 3′ UTR GG (193/100) GA (6/0) AA (1/0) 
rs2787094/V4 3′ UTR CC (87/40) CG (94/47) GG (19/13) 
rs3746631 3′ UTR AA (163/88) AG (37/12) GG (0/0) 

 
Table 4   Association of SNPs in ADAM33 

 

SNP ID Genetic model Genotype Allele Case-control 

p-value 

High severity-control 

p-value* 

Low severity-control 

p-value* 

rs528557/S2 Dominant GC + CC  0.012 NS 0.012 
  GG     
rs598418 Dominant CT + TT  0.017 0.017 NS 
  CC     
rs598418 Multiplicative  T 0.049 NS NS 
   C    
rs44707/ST+4 Dominant CA+AA  0.049 0.045 NS 

  CC     

*NS, non-significant.  
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Fig. 1   Pair-wise linkage disequilibrium analysis in the 

3' region of ADAM33 estimated in a Thai popu-
lation. 

We successfully amplified gene segments 
covering eight SNPs previously reported in other 
populations.7 We found only three SNPs in the stud-
ied samples that matched those previously reported, 
i.e. rs528557/S2, rs44707/ST+4 and rs2787094/V4.  
The SNP rs528557/S2 exhibited significant associa-
tion with asthma in a dominant model (p = 0.012) 
whereas the SNP rs44707/ST+4 was marginally as-
sociated to the disease according to a dominant 
model (p = 0.049). The SNP rs528557/S2 has been 
linked to asthma within UK,6 German,8 African-
American, US Caucasian and US Hispanic7 popula-
tions.  The SNP rs44707/ST+4 was also linked to 
asthma in the UK and in combined US and UK 
populations.6 The SNP rs598418 was associated with 
asthma in both multiplicative and dominant models 
(p = 0.049 and 0.017, respectively). Other SNPs, in-
cluding rs2853209, rs597980, rs11905233 and 
rs3746631, were not significantly associated with the 
prevalence of asthma in this Thai population. How-
ever, there is a report on the SNP rs597980 as having 
a positive association with asthma and BHR in a 
German population.8 Association between ADAM33 
SNPs and asthma has also been demonstrated in 
other Asian populations, such as Korean9 and Japa-

nese.25,26 A meta-analysis study involving eight 
populations confirmed the positive association be-

 
Table 5   Haplotype analysis of ADAM33 (two-SNP haplotype) 

 
A. Case vs. control (rs528557/S2 and rs598418) 

Haplotype frequency 
Haplotype 

Control (n = 100) Case  (n = 200) Combined (n = 300)
p-value* 

GC 0.56 0.48 0.50 NS 
GT 0.26 0.28 0.28 NS 
CC 0.01 0.01 0.01 NS 
CT 0.17 0.23 0.21 0.036 (dominant) 

*NS, non-significant. 
 

B.  High severity vs. control (rs598418 and rs44707/ST+4) 

Haplotype frequency 
Haplotype 

Control (n = 100) High severity (n = 105) Combined (n = 205)
p-value* 

CC 0.57 0.49 0.53 0.046 (recessive) 
CA 0.00 0.00 0.00 NS 
TC 0.07 0.09 0.08 NS 
TA 0.36 0.42 0.39 0.046 (joint dominant) 

*NS, non-significant. 
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tween ADAM33 polymorphisms and asthma suscep-
tibility.10 In contrast, a lack of association between 
ADAM33 polymorphisms and asthma have been re-
ported from ethnically different populations.15-17 This 
may be influenced by sample sizes, heterogeneity of 
populations, and different environmental exposures. 
It is interesting to note that only the SNP 
rs528557/S2 is located on exon 19 while the other 
seven SNPs are located on intron 19 and 3' UTR. A 
previous study has detailed the mechanisms behind 
the regulation of the 3' UTR of ADAM33 involving 
mRNA localization and processing, as well as pro-
tein maturation.27

 
Our study also demonstrated a significant as-

sociation between ADAM33 SNPs and asthma sever-
ity. When compared to the control group, the SNP 
rs528557/S2 was associated with the low severity 
group (p = 0.012) whereas the SNPs rs598418 and 
rs44707/ST+4 were associated with the high severity 
group (p = 0.017 and 0.045, respectively). Subjects 
in the high severity group were significantly older 
and suffered longer durations with asthma than those 
in the low severity group. This finding was in accor-
dance with previous work revealing that lung func-
tion in asthmatic patients may decline over time.28 
Haplotypes can reveal information about hitherto 
unobserved predisposing variants in the region.29 
According to a dominant model, the haplotype CT at 
the SNPs rs528557/S2 and rs598418 was found to be 
a disease-predisposing variant in the Thai popula-
tion. Upon comparison of the high severity and the 
control group, significant haplotypes were found at 
the SNPs rs598418 and rs44707/ST+4 (CC, p = 
0.046; TA, p = 0.046). This result supports a previ-
ous study demonstrating significant global haplo-
typic association with asthma and asthma severity.30 
Notably, the χ2 tests (with the application of Bon-
ferroni correction to the single-marker analysis) 
failed to show any association of ADAM33 and 
asthma in this study.  Nevertheless, all reported p-
values in our haplotype analysis were corrected by 
HAPSTAT22-24 and the results confirmed statistical 
significance. This suggests that both single-marker 
and haplotype analyses should be performed in asso-
ciation studies, since haplotype-based methods in-
corporate linkage disequilibrium data from multiple 
markers and are more powerful for gene mapping 
than single SNP-based methods. 

 

We did not find significant differences in the 
distribution of the SNPs and haplotypes between the 
high and low severity groups, possibly due to the 
rather small sample sizes. However, a cohort of 200 
asthma patients monitored over a 20 year period 
showed that ADAM33 SNPs could be linked to a de-
cline in FEV1, suggesting that the gene may not only 
affect asthma prevalence but also its severity and 
disease progression.31 A potential role of ADAM33 in 
asthma pathogenesis may involve the mRNA and 
protein expression in mesenchymal cells, airway 
smooth muscle cells and fibroblasts.12,27 Previous 
studies have shown a link between ADAM33 regula-
tion and the expression of TGF-β, the important cy-
tokine produced by bronchial epithelial cells for re-
pair processes.32 ADAM33 protein levels were sig-
nificantly elevated in patients with asthma14 and, in 
turn, would also involve BHR and airway remodel-
ing. 

 
It is possible that the Thai subjects in the pre-

sent study are of other ethnic origins. However, we 
believe that our findings were not affected by popu-
lation stratification, for two reasons. Firstly, all eight 
SNPs in control samples were in Hardy-Weinberg 
equilibrium. Secondly, all SNPs were in strong link-
age disequilibrium. Previous studies in other ethnic 
groups including German,8 Korean,9 and Japanese25 
have also indicated that SNPs within the 3′ region of 
ADAM33 gene are in strong linkage disequilibrium.  
The evidence that recombination does not occur fre-
quently in this genomic region among various ethnic 
groups implies that if population stratification oc-
curs, deviation from Hardy-Weinberg equilibrium 
would be easily detectable.  

 
In summary, we have identified a positive re-

lationship between ADAM33 polymorphisms and 
asthma in a Thai population. The results are suppor-
tive of previous studies involving other populations 
worldwide. The precise roles of ADAM33 gene in 
asthma pathogenesis, however, remain undefined 
and require further investigation. 
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Abstract

This paper presents a non-parametric classification technique for identifying a can-

didate bi-allelic genetic marker set that best describes disease susceptibility in gene-

gene interaction studies. The developed technique functions by creating a mapping

between inferred haplotypes and case/control status. The technique cycles through all

possible marker combination models generated from the available marker set where the

best interaction model is determined from prediction accuracy and two auxiliary crite-

ria including low-to-high order haplotype propagation capability and model parsimony.

Since variable-length haplotypes are created during the best model identification, the

developed technique is referred to as a variable-length haplotype construction for gene-

gene interaction (VarHAP) technique. VarHAP has been benchmarked against a multi-

factor dimensionality reduction (MDR) program and a haplotype interaction technique
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embedded in a FAMHAP program in various two-locus interaction problems. The re-

sults reveal that VarHAP is suitable for all interaction situations with the presence of

weak and strong linkage disequilibrium among genetic markers.

Keywords: Case-control studies; Gene-gene interaction; Haplotype; Linkage dise-

quilibrium; Non-parametric classification

1 Introduction

Genetic epidemiology is a research field which aims to identify genetic polymorphisms that

involve in disease susceptibility. Usual candidate polymorphisms include restriction fragment

length polymorphisms (RFLPs), variable numbers of tandem repeats (VNTRs) and single

nucleotide polymorphisms (SNPs). In recent years, SNPs are the most common choices due

to simplicity and cost reduction in identification protocols. SNPs in diploid organisms are

excellent bi-allelic genetic markers for various studies including genetic association, gene-

gene interaction and gene-environment interaction. The availability of multiple SNPs on the

same gene can also lead to haplotype analysis where genotypes of interest can be phased

into pairs of haplotypes.

Traditional techniques for identification of relationship between a single SNP and disease

susceptibility status involve various univariate statistical tests including χ2 and odds ratio

tests [1, 2]. However, many complementary computational techniques have been developed

in the past decade to handle problems that involve multiple SNPs. Heidema et al. [3] have

categorised these multi-locus techniques, which are capable of identifying a candidate SNP set

from possible SNPs, into parametric and non-parametric methods. Examples of parametric

method cover logistic regression techniques [4] and neural networks [5]. On the other hand,

examples of non-parametric method include a set association approach [6], combinatorial

techniques [7, 8, 9] and recursive partitioning techniques [10, 11]. In some of mentioned

parametric [4, 5] and non-parametric [9] methods, pattern recognition and classification

approaches have been successfully implemented as their core engines.
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In addition to single and multiple SNP analysis, haplotype analysis has also gained atten-

tion from genetic epidemiologists. Haplotypes provide a record of evolutionary history more

accurately than individual SNPs. Further, haplotypes can capture the patterns of linkage

disequilibrium (LD)—a phenomenon where SNPs that are located in close proximity tend to

travel together—in genome more accurately. Therefore, haplotypes may enable susceptibility

gene identification in complex diseases more effectively than individual SNPs [12]. In lieu

of this evidence, haplotype analysis should also be considered in addition to direct genotype

analysis. Many computational techniques use haplotypes, which are inferred from multiple

SNPs, as problem inputs. For instance, Sham et al. [13] proposes a logistic regression tech-

nique that produces a mapping model between haplotypes and disease status while Becker et

al. [14] combine haplotype explanation probabilities of given genotypes from multiple gene

or unlinked region data into a scalar statistic for a univariate test. Nonetheless, haplotypes

have rarely been used as inputs for non-parametric classifiers for genetic association and

interaction studies.

In this paper, a variable-length haplotype construction for gene-gene interaction (VarHAP)

technique is proposed. The technique will involve non-parametric classification where haplo-

types inferred from multiple SNP data are the classifier inputs. The chosen architecture for

non-parametric classifier is the multifactor dimensionality reduction (MDR) technique [9].

Similar to the original MDR technique, the proposed technique would be able to identify

appropriate candidate SNPs from possible SNPs and can be used in case-control genetic

interaction studies. However, the technique would also be able to handle the situation where

disease susceptibility is detectable in different haplotype backgrounds.

The organisation of this paper is as follows. In section 2, a brief explanation of MDR

and the techniques for inferring haplotypes and obtaining haplotype explanation probability

is given. The proposed VarHAP technique is then described in section 3. The test data

and their description is given in section 4. Next, the results and discussions are described in

section 5. Finally, the conclusions are drawn in section 6.
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2 MDR, Haplotype Inference and Haplotype Explana-

tion Probability

2.1 MDR

MDR is a classifier-based technique that is capable of identifying the best genetic marker

combination among possible markers for the separation between case and control samples.

Similar to other classification systems, a k-fold cross-validation technique provides a means to

determine the classification accuracy of the candidate marker model. Basically, the combined

case and control samples are randomly divided into k folds where k − 1 folds of samples are

used to construct a decision table for the classifier while the remaining fold of samples is

used to identify the prediction capability of the constructed decision table. The decision

table construction and testing procedure is repeated k times. Hence, the samples in each

fold will always be utilised both to construct and to test the decision table. The number

of cells in a decision table is given by Gnc where nc is the number of candidate markers

selected from possible markers and G is the number of possible genotypes according to

the marker. For a SNP, which is a bi-allelic marker, G is equal to three. During the

decision table construction, each cell in the table is filled with case and control samples that

have their genotype corresponds to the cell label. The ratio between numbers of case and

control samples will provide the decision for each cell whether the corresponding genotype

is a disease-predisposing or protective genotype. An example of decision table construction

is illustrated in Figure 1. The prediction accuracy of the decision table is subsequently

evaluated by counting the numbers of case and control samples in the testing fold that their

disease status can be correctly identified using the constructed decision rules. The process

of decision table construction and evaluation must be cycled through all or some of possible

2nm − 1 combinations where nm is the total number of available markers in the study. The

best genetic marker combination is determined from three criteria: prediction accuracy,

cross-validation consistency and a sign test p-value. Each time that a testing fold is used
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for prediction accuracy determination, the accuracy of the interested marker combination

model can be compared with that from other models that also contain the same number of

markers. The model that consistently ranks the first in comparison to other choices with the

same amount of markers would have high cross-validation consistency. The non-parametric

sign test p-value is calculated from the number of testing folds with accuracy greater than

or equal to 50%. This single-tailed p-value is given by

p =

nf
∑

i=na

(

nf

i

) (

1

2

)nf

(1)

where nf is the total number of cross-validation folds and na is the number of cross-validation

folds with testing accuracy ≥ 50% [9]. Among three criteria, prediction accuracy is the main

criterion for decision making while the other criteria are only used as auxiliary measures.

Cross-validation consistency generally confirms that the high rank model can be consistently

identified regardless of how the samples are divided for cross-validation. On the other hand,

a sign test p-value indicates the number of testing folds with acceptable prediction accuracy

and hence describes the usability of the model in the classification task. In the situation

where two or more models with different number of markers are equally good in terms of

prediction accuracy, cross-validation consistency and sign test p-value, the most parsimonious

model—the combination with the least number of markers—will be the best model.

2.2 Haplotype Inference

With the availability of multiple SNPs from the same gene, haplotypes can be inferred from

given genotypes. Let ‘0’ and ‘1’ denote the major (common) and minor (rare) alleles at a

SNP location in a haplotype. A genotype can then be represented by a string, which con-

sists of three characters: ‘0’, ‘1’ and ‘2’. In the genotype string, ‘0’ denotes a homozygous

wide-type site, ‘1’ denotes a heterozygous site and ‘2’ denotes a homozygous variant or ho-

mozygous mutant site. A genotype with all homozygous sites or single heterozygous site can
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always be phased into one pair of haplotypes. On the other hand, a genotype with multiple

heterozygous sites can be phased into multiple haplotype pairs. For example, genotype 0102

leads to haplotypes 0001 and 0101 while genotype 0112 leads to two possible haplotype pairs:

0001/0111 and 0011/0101. Many algorithms exist for haplotype inference [15, 16, 17]. In

this paper, an expectation-maximisation algorithm [15] is the chosen technique due to its

simplicity and implementation efficacy. Regardless of the inference technique employed, the

usual result from an inference algorithm covers haplotype frequencies and possible haplotype

phases of each genotype.

2.3 Haplotype Explanation Probability

In a genomic region with multiple heterozygous sites, multiple pairs of haplotypes can be

inferred from a given genotype. The probability of a genotype to be phased into one specific

pair of haplotypes would depend on the frequencies of haplotypes constituting the pairs [14].

This probability is given by

wij =
fifj

∑

(hk ,hl)∈H fkfl

(2)

where wij is the probability for haplotype pair ij, fi denotes the frequency of the ith hap-

lotype, hk is the kth haplotype and H represents the set of haplotype explanations which

are compatible with the genotype of interest. For example, genotype 0110 can be phased

into two haplotype pairs: 0000/0110 (h1/h4) and 0010/0100 (h2/h3). If the frequencies for

haplotypes 0000, 0010, 0100 and 0110 are respectively 0.5, 0.2, 0.2 and 0.1, the probabilities

for the pairs 0000/0110 and 0010/0100 are 0.556 and 0.444. Obviously, the probability of

a genotype with all homozygous sites or single heterozygous site to be phased into a pair

of haplotypes would be equal to one. In genetic interaction studies where the number of

genes or unlinked regions is greater than one, the haplotype explanation probabilities from

all regions can be combined together. An overall contribution by one sample to haplotype
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configuration (h1
j , h

2
j , . . . , h

nu

j ) in a study with nu genes/unlinked regions is given by

c(h1

j ,h2

j ,...,h
nu
j ) = 2

nu
∏

i=1

wi
jk

(1 + δi
jk)

2
(3)

where c(h1

j ,h2

j ,...,h
nu
j ) is the contribution value and δ is defined as δjk = 1 for j = k and

δjk = 0 for j 6= k. In the previous example where haplotypes from only one region are

considered, ch1
= 0.556 , ch2

= 0.444, ch3
= 0.444 and ch4

= 0.556. Notice that the sum

of contribution values is equal to two; this reflects the fact that each genotype is made up

from two haplotypes. Becker et al. [14] use this contribution value in the construction of

a contingency table where a χ2 test statistic is subsequently calculated. With the use of a

Monte Carlo simulation, an estimated p-value is then obtained for the test statistic. Similar

to the model exploration strategy in MDR, the process of contingency table construction and

p-value calculation can also be cycled through all or some of possible interaction models. The

model with appropriate candidate SNPs taken from possible SNPs is the one with minimum

p-value and is said to be the best model for interaction explanation. This statistics-based

procedure can be found as an integral part of the FAMHAP program [18].

3 VarHAP

VarHAP is proposed for case-control interaction studies. Similar to MDR, the technique

is also a classifier-based technique. However, instead of using a genotype data analysis

as a means to identify the best SNP combination, the decision table for classification is

constructed from the haplotype contribution value described earlier. As a result, haplotypes

with different lengths must be inferred during the search for the best model. The number of

decision cells during the consideration on haplotypes constructed from a specific set of SNPs

is governed by the total number of possible haplotype configurations as illustrated in Figure 2.

In brief, VarHAP would maintain the ability to find the best SNP combination while also

be able to identify possible disease-predisposing and protective haplotype configurations.
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Since VarHAP is essentially a classification system, the principal criterion for choosing

the optimal SNP combination model is still the prediction accuracy. However, with the use of

haplotype contribution value as a means for decision rule construction, an additional model

selection criterion that exploits the nature of haplotype can be formulated. This criterion

can be referred to as haplotype propagation capability. Basically, if a haplotype constructed

from a specific set of SNPs is related to disease susceptibility status, haplotypes constructed

from a SNP set which is a superset of the previously specified SNPs should also predict

the same relationship. This implies that predisposing and protective haplotypes in a low-

order model must be able to propagate into haplotypes in high-order models. For example,

consider a single-gene problem with four possible SNPs: X1, X2, X3 and X4. If haplotypes

in the model with SNPs (X2, X4) are related to disease susceptibility, haplotypes in the

models with SNPs (X1, X2, X4), (X2, X3, X4) and (X1, X2, X3, X4) should produce

the same result. The haplotype propagation capability, which is a dichotomous criterion,

can be determined from the evidence that the sign test p-value and the prediction accuracy

can be maintained throughout the process of model order increment. Again, in the situation

where two or more models with different number of SNPs are equally good in terms of both

prediction accuracy and haplotype propagation capability, the most parsimonious model will

be the best model.

4 Data Sets

The performance of the proposed VarHAP technique is evaluated through benchmark trials.

12 simulated data sets, which represent various gene-gene interaction phenomena includ-

ing epistasis and heterogeneity, are considered [14, 19]. Each data set contains 600 case

samples and 600 control samples. Each sample consists of 10 total SNPs from two genes

where five SNPs exist in each gene. All SNPs in control samples are in Hardy-Weinberg

equilibrium [20]. Only one SNP from each gene is interacted with one another. The two-
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locus interaction models are illustrated in Table 1. The epistatic models Ep-1–Ep-6 and the

heterogeneity models Het-1–Het-3 have been discussed by Neuman and Rice [21], who also

provide examples of diseases for which these models may be applicable. The heterogeneity

models S-1 and S-2 and the epistatic model S-3 have been investigated by Schork et al. [22].

From Table 1, if the frequency of the disease allele at a locus is greater than 0.5, the major

allele is the disease allele. Otherwise, the minor allele is the disease allele. These interac-

tion models describe disease susceptibility status in terms of penetrance. Penetrance of a

genotype with a specific number of disease alleles is the probability that a subject with this

genotype has the disease. The test data sets are simulated by a genomeSIM package [23]

with the default setting. As a result, it is also possible to vary the LD pattern among SNPs

in the same gene. This leads to two main case studies that need to be explored: strong LD

and weak LD cases. In the strong LD case, the susceptibility-causative SNP in each gene and

its two adjacent SNPs are in linkage disequilibrium where Lewontin’s D′ value [24] is in the

range of 0.80–0.95. In contrast, the Lewontin’s D′ value for each pairwise LD measurement

between susceptibility-causative SNP and its adjacent SNPs is in the range of 0.50–0.60 in

the weak LD case. In the strong LD case, an interaction detection technique should be able

to identify both the actual two-locus model that directly leads to disease susceptibility and

other alternative models which consist of SNPs in strong LD patterns. The ability to detect

these other models is important. This is because it is not always straightforward to identify

SNPs which are responsible for disease susceptibility in real case-control interaction stud-

ies. In contrast, an interaction detection technique should narrow the search to the original

two-locus model in weak LD case since it is the only usable model.

5 Results and Discussions

VarHAP is benchmarked against MDR and FAMHAP. Since the test data contains 10 SNPs,

all three techniques have to explore 210 − 1 = 1, 023 possible SNP combination models. An
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initial investigation reveals that with the use of minimum p-value as the sole model selection

criterion, FAMHAP reports a large number of models with the estimated p-value equals to

zero. As a result, haplotype propagation capability is also implemented as an additional

model selection criterion. Further, the parsimony criterion is also utilised when there is

a tie between multiple models with different number of SNPs. The results from all three

techniques in weak and strong LD case studies are summarised in Tables 2 and 3, respectively.

The prediction accuracy of MDR is higher than that of VarHAP in both case studies.

This is because VarHAP uses contribution values which are obtained from inferred hap-

lotypes instead of inferred diplotypes—pairs of haplotypes that together describe correct

phases of given genotypes—to create decision rules. Consider a situation where disease sus-

ceptibility can be determined from a single SNP where the predisposing genotype is the

homozygous variant. In other words, the disease susceptibility can be described by a reces-

sive genetic model. MDR can easily classify the heterozygous and homozygous wide-type

genotypes as protective genotypes. However, VarHAP would only correctly classify both ho-

mozygous genotypes since each genotype is made up from two copies of the same haplotype:

two major alleles for the homozygous wide-type and two minor alleles for the homozygous

variant. VarHAP would partially misclassify samples with heterozygous genotype. This is

because VarHAP identifies the major allele as the protective allele and the minor allele as

the predisposing allele. In order to increase the prediction accuracy of VarHAP, it may

be necessary to construct decision tables from diplotype information instead of haplotype

contribution values. Nonetheless, this will also rapidly increase the dimensions of decision

tables in VarHAP.

In the weak LD case study, both MDR and VarHAP are able to identify correct sets

of SNPs that lead to disease susceptibility. On the other hand, FAMHAP reports both

actual and alternative interaction models. This is undesirable since it would not be possible

to further explain disease susceptibility from multiple candidate models in the absence of

strong linkage disequilibrium among SNPs. In other words, FAMHAP is quite sensitive in
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this situation. Further analysis reveals that MDR is marginally better than VarHAP in

two epistasis problems: Ep-2 and Ep-5. MDR correctly identifies models which contain two

SNPs while the models located by VarHAP contain a few extra SNPs. Nonetheless, these

two models identified by VarHAP are still useful to susceptibility explanation.

All three techniques are able to locate correct interaction models in the strong LD case

study. However, only FAMHAP and VarHAP are capable of identifying alternative models.

Since MDR suggests one candidate model for each fixed-number SNP set, it would not be

possible for MDR to produce any alternative models. Recall that these alternative models are

equally important since SNPs in the principal two-locus interaction model and SNPs from an

alternative model are in strong linkage disequilibrium. This implies that disease susceptibility

can be explained using either the original interaction model or the alternative models. This

disadvantage in MDR can be overcome if the cross-validation consistency criterion can be

replaced by other decision criteria. In this case study, FAMHAP is marginally better than

VarHAP in terms of alternative model identification in three epistasis and heterogeneity

problems: Ep-3, Ep-6 and Het-3. This means that FAMHAP is at its best when SNPs are in

strong linkage disequilibrium. Nonetheless, the overall results from both case studies suggest

that VarHAP is the best technique. This is concluded from the fact that VarHAP does not

report ambiguous results in weak LD case study while is also capable of producing alternative

models in strong LD case study. This is crucial because it is impossible to know beforehand

whether susceptibility-causative SNPs are in weak or strong linkage disequilibrium with other

SNPs in real case-control interaction studies. In other words, a technique that performs

satisfactorily in both weak and strong LD cases would have an advantage over a technique

that functions well in only one scenario.
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6 Conclusions

In this paper, a non-parametric pattern recognition/classification technique for case-control

gene-gene interaction studies is presented. Instead of using direct genotype inputs in clas-

sification, inferred haplotypes, which are obtained through an expectation-maximisation

algorithm [15], are used as inputs. Each case/control sample contributes values derived from

inferred haplotypes to decision tables which are constructed and tested for all possible gene-

gene interaction models. The technique primarily uses prediction accuracy obtained from

k-fold cross-validation as a means for identifying candidate SNPs which are responsible for

disease susceptibility. The technique also employs haplotype propagation capability as an

additional criterion. If the selection procedure ends in a tie between two or more models with

different number of SNPs, the most parsimonious model is then reported as the interaction

model. Since haplotypes with different length must be constructed during model identifica-

tion, the proposed technique can be referred to as a variable-length haplotype construction

for gene-gene interaction (VarHAP) technique. VarHAP has been benchmarked against two

interaction model detection programs namely MDR [9] and FAMHAP [14, 18] in 12 two-locus

epistasis and heterogeneity problems [14, 19]. The results reveal that FAMHAP reports mul-

tiple ambiguous models in the presence of weak linkage disequilibrium among input SNPs

while MDR is not suitable for alternative interaction model identification when input SNPs

are in strong linkage disequilibrium. In contrast, VarHAP emerges as the most suitable

technique in both situations involving weak and strong linkage disequilibrium. Suggestions

for further improvement of MDR and VarHAP are also included.

Supplementary Information

VarHAP, which is implemented in Java, and the simulated data sets used in the article

are available upon request (e-mail: nchl@kmitnb.ac.th). In addition to the use of the

genomeSIM package [23], the data sets can also be generated by a SNaP package [25]. Readers
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might also be interested in applying the techniques discussed in this article to examples of

case-control data sets, which are publicly available from the Wellcome Trust Case Control

Consortium [26].
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List of Figures

Figure 1: An MDR decision table which is constructed using 1,200 case-control samples.

The genotype of each sample is determined from two SNPs. The table consists of

nine cells where each cell represents a unique genotype. The left (black) bar in each

cell represents the number of case samples while the right (white) bar represents the

number of control samples. The cells with genotypes AaBb, aaBb, Aabb and aabb are

labelled as predisposing genotypes while the cells with genotypes AABB, AaBB, aaBB,

AABb and AAbb are labelled as protective genotypes.

Figure 2: A VarHAP decision table which is constructed from 1,200 case-control samples.

Haplotypes in the first gene are obtained from one SNP while haplotypes in the sec-

ond gene are inferred from two SNPs. The table consists of eight cells where each

cell represents a unique haplotype configuration. The left (black) bar in each cell rep-

resents the accumulative contribution from case samples while the right (white) bar

represents the accumulative contribution from control samples. The cells with haplo-

type configurations (h1
2, h

2
1), (h1

1, h
2
2), (h1

2, h
2
2), (h1

2, h
2
3), (h1

1, h
2
4) and (h1

2, h
2
4) are labelled

as predisposing haplotype configurations while the cells with haplotype configurations

(h1
1, h

2
1) and (h1

1, h
2
3) are labelled as protective haplotype configurations.
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List of Tables

Table 1: Description of two-locus disease models. dij is the penetrance of a genotype

carrying i disease alleles at locus 1 and j disease alleles at locus 2. p1 is the frequency

of the disease allele at locus 1 while p2 is the frequency of the disease allele at locus 2.

ψ = 2φ− φ2.

Table 2: MDR, VarHAP and FAMHAP results from the weak LD case study. 10-fold

cross-validation is used in MDR and VarHAP. The prediction accuracy is obtained for

the identified principal interaction model. Estimated p-values in FAMHAP results are

equal to zero while sign test p-values in MDR and VarHAP results are less than 0.001

in all two-locus problems. The technique is said to be able to identify the correct gene-

gene interaction model if the reported principal model contains both SNPs which are

directly participated in the interaction model. Alternative models are models which

contain at least two SNPs where each SNP must be either a SNP from the two-locus

model or a SNP which is in linkage disequilibrium with one of the SNPs from the

model. The number in each bracket denotes the order of the identified model (the

number of SNPs in the model).

Table 3: MDR, VarHAP and FAMHAP results from the strong LD case study. The ex-

planation for how the results are obtained and displayed is the same as that given in

Table 2.
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Figure 1: An MDR decision table which is constructed using 1,200 case-control samples.
The genotype of each sample is determined from two SNPs. The table consists of nine cells
where each cell represents a unique genotype. The left (black) bar in each cell represents
the number of case samples while the right (white) bar represents the number of control
samples. The cells with genotypes AaBb, aaBb, Aabb and aabb are labelled as predisposing
genotypes while the cells with genotypes AABB, AaBB, aaBB, AABb and AAbb are labelled
as protective genotypes.
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Figure 2: A VarHAP decision table which is constructed from 1,200 case-control samples.
Haplotypes in the first gene are obtained from one SNP while haplotypes in the second gene
are inferred from two SNPs. The table consists of eight cells where each cell represents a
unique haplotype configuration. The left (black) bar in each cell represents the accumula-
tive contribution from case samples while the right (white) bar represents the accumulative
contribution from control samples. The cells with haplotype configurations (h1

2, h
2
1), (h1

1, h
2
2),

(h1
2, h

2
2), (h1

2, h
2
3), (h1

1, h
2
4) and (h1

2, h
2
4) are labelled as predisposing haplotype configurations

while the cells with haplotype configurations (h1
1, h

2
1) and (h1

1, h
2
3) are labelled as protective

haplotype configurations.
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Table 1: Description of two-locus disease models. dij is the penetrance of a genotype carrying
i disease alleles at locus 1 and j disease alleles at locus 2. p1 is the frequency of the disease
allele at locus 1 while p2 is the frequency of the disease allele at locus 2. ψ = 2φ− φ2.

Model d22 d21 d20 d12 d11 d10 d02 d01 d00 p1 p2 φ

Ep-1 φ φ 0 φ φ 0 0 0 0 0.210 0.210 0.707
Ep-2 φ φ 0 0 0 0 0 0 0 0.600 0.199 0.778
Ep-3 φ 0 0 0 0 0 0 0 0 0.577 0.577 0.900
Ep-4 φ φ 0 φ 0 0 φ 0 0 0.372 0.243 0.911
Ep-5 φ φ 0 φ 0 0 0 0 0 0.349 0.349 0.799
Ep-6 0 φ φ φ 0 0 φ 0 0 0.190 0.190 1.000
Het-1 ψ ψ φ ψ ψ φ φ φ 0 0.053 0.053 0.495
Het-2 ψ ψ φ φ φ 0 φ φ 0 0.279 0.040 0.660
Het-3 ψ φ φ φ 0 0 φ 0 0 0.194 0.194 1.000
S-1 φ φ φ φ φ φ φ φ 0 0.052 0.052 0.522
S-2 1 1 1 φ φ 0 φ φ 0 0.228 0.045 0.574
S-3 1 1 φ 1 φ 0 φ 0 0 0.194 0.194 0.512
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Table 2: MDR, VarHAP and FAMHAP results from the weak LD case study. 10-fold
cross-validation is used in MDR and VarHAP. The prediction accuracy is obtained for the
identified principal interaction model. Estimated p-values in FAMHAP results are equal to
zero while sign test p-values in MDR and VarHAP results are less than 0.001 in all two-locus
problems. The technique is said to be able to identify the correct gene-gene interaction
model if the reported principal model contains both SNPs which are directly participated
in the interaction model. Alternative models are models which contain at least two SNPs
where each SNP must be either a SNP from the two-locus model or a SNP which is in linkage
disequilibrium with one of the SNPs from the model. The number in each bracket denotes
the order of the identified model (the number of SNPs in the model).

Two- MDR VarHAP Correct Alternative
Locus Prediction Prediction Model Model
Model Accuracy Accuracy Identification Identification

(%) (%) Technique Technique

Ep-1 98.00 73.92 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Ep-2 98.58 78.39 MDR(2), VarHAP(4), FAMHAP(2) FAMHAP(2)
Ep-3 99.50 87.50 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Ep-4 99.25 78.96 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Ep-5 98.42 75.19 MDR(2), VarHAP(3), FAMHAP(2) FAMHAP(2)
Ep-6 100.00 85.10 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Het-1 93.75 73.29 MDR(2), VarHAP(2), FAMHAP(2)
Het-2 97.33 78.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Het-3 100.00 84.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
S-1 94.00 72.98 MDR(2), VarHAP(2), FAMHAP(2)
S-2 97.58 79.81 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
S-3 96.75 79.15 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
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Table 3: MDR, VarHAP and FAMHAP results from the strong LD case study. The expla-
nation for how the results are obtained and displayed is the same as that given in Table 2.

Two- MDR VarHAP Correct Alternative
Locus Prediction Prediction Model Model
Model Accuracy Accuracy Identification Identification

(%) (%) Technique Technique

Ep-1 98.00 73.92 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),
FAMHAP(2)

Ep-2 98.58 77.02 MDR(2), VarHAP(4), FAMHAP(2) VarHAP(4),
FAMHAP(2)

Ep-3 99.50 87.50 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Ep-4 99.25 78.96 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),

FAMHAP(2)
Ep-5 98.42 75.87 MDR(2), VarHAP(3), FAMHAP(2) VarHAP(3),

FAMHAP(2)
Ep-6 100.00 85.10 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
Het-1 93.75 75.41 MDR(2), VarHAP(3), FAMHAP(2) VarHAP(3),

FAMHAP(2)
Het-2 97.33 78.40 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),

FAMHAP(2)
Het-3 100.00 84.40 MDR(2), VarHAP(2), FAMHAP(2) FAMHAP(2)
S-1 94.00 72.98 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),

FAMHAP(2)
S-2 97.58 79.81 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),

FAMHAP(2)
S-3 96.75 79.15 MDR(2), VarHAP(2), FAMHAP(2) VarHAP(2),

FAMHAP(2)
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Reply to Comments

Dear Guest Editor,

Thank you very much for your invitation to include this article in a special issue of IEEE

Engineering in Medicine and Biology Magazine. The article has been revised according to

all reviewers’ comments. Since the length of the revised article is limited to five magazine

pages, the revised article needs to be concise. A summary of the revision is listed (in italic)

below.

Both reviewers noted the lack of experiments on real data and comparisons. I recommend

authors adequately address the reviewers’ comments.

The proposed VarHAP technique has been successfully benchmarked against MDR (Hahn

et al., 2003) and FAMHAP (Becker and Knapp, 2004; Becker et al., 2005). Detailed ex-

planations about MDR, FAMHAP and VarHAP have been given in sections 2.1, 2.3 and 3,

respectively. An explanation regarding the possibility of using the proposed technique on real

case-control data sets has also been given.
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analysis of unlinked regions,” Genetic Epidemiology, vol. 29, pp. 313–322, Dec. 2005.

L.W. Hahn, M.D. Ritchie, and J.H. Moore, “Multifactor dimensionality reduction soft-

ware for detecting gene-gene and gene-environment interactions,” Bioinformatics, vol. 19,
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Reply to Reviewer 1

Dear Reviewer 1,

We are very grateful to receive your valuable and helpful comments. They have been

considered and taken as the main guideline to revise our paper in order to upgrade its quality.

Here, we kindly attached our explanations corresponding to your comments and queries. They

are listed (in italic) below.

Interesting new method, good English, literature covered well.

To improve:

- need more details on comparison benchmarks with other methods for their evaluation

criteria for same datasets

The proposed VarHAP technique has been benchmarked against MDR (Hahn et al., 2003)

and FAMHAP (Becker and Knapp, 2004; Becker et al., 2005). All three techniques share the

same strategy where multiple susceptibility explanation models are examined. These models

are created from various combinations of genetic markers extracted from available markers in

case-control data. However, MDR takes genotype information as inputs while VarHAP and

FAMHAP uses inferred haplotypes as inputs. Both MDR and VarHAP are non-parametric

classifier-based techniques. As a result, their principal evaluation criterion for selecting the

best susceptibility explanation model is the prediction accuracy. On the other hand, FAMHAP

is a statistics-based technique. Hence, its principal evaluation criterion is the global p-value,

which is estimated via a Monte Carlo simulation. The VarHAP performance is compared

with that of MDR and FAMHAP since VarHAP essentially uses MDR classification engine

while takes inferred haplotype inputs in a similar manner to FAMHAP. Consequently, the

technique is able to handle the situation where disease susceptibility is detectable in different

haplotype backgrounds. Detailed explanations about MDR, FAMHAP and VarHAP have been

given in sections 2.1, 2.3 and 3, respectively.

- add details about simulated datasets, so others can replicate the datasets used

Details about the simulated data sets have been extended and included in section 4. These
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simulated data sets are available from the corresponding author upon request as indicated

in the supplementary information section. With the use of two-locus disease models given

in Table 1, the case-control data sets can also be generated by a SNaP package (Nothnagel,

2002), which is available from http://capella.uni-kiel.de/snap/snap.htm.

- please indicate availability/implementation of the software

VarHAP has been implemented in Java. The program is also available upon request.
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Genetics, vol. 71 (Suppl.), pp. A2363, Oct. 2002.

Reply to Reviewer 2

Dear Reviewer 2,

We are very grateful to receive your valuable and helpful comments. They have been

considered and taken as the main guideline to revise our paper in order to upgrade its quality.

Here, we kindly attached our explanations corresponding to your comments and queries. They

are listed (in italic) below.

The method is tested on a simulated datasets. Any reason for not using real datasets?

Methodologies in genetic epidemiology are usually benchmarked via the use of simulated
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data. This is because the data can be easily generated for various disease susceptibility sce-

narios. Real case-control data sets are often proven to be unsuitable for multi-scenario bench-

marking due to the prohibitively large expenses for data collection and the lack of complete

knowledge regarding susceptibility models for the diseases of interest. Nonetheless, inclusion

of results interpreted from a few real data sets in methodology literature is quite common.

For instance, a real case-control data set, which contains multiple SNPs on the same gene

or unlinked region and is suitable for the proposed VarHAP technique, has been described

in Becker et al. (2005). The data set consists of ten SNPs where the first seven SNPs are

located on the D-amino acid oxidase activator (DAOA, formerly known as G72) gene while

the three remaining SNPs are from the D-amino acid oxidase (DAAO) gene. Associations

between these two genes and schizophrenia have been reported by Chumakov et al. (2002)

and Schumacher et al. (2004). The first author of the manuscript has made a request for

this data set to the corresponding author of Becker et al. (2005). Unfortunately, the request

has been denied due to the necessity of a further investigation into the disease susceptibility

by the authors of Becker et al. (2005). The authors of this manuscript are also aware of

publicly available case-control data sets from the Wellcome Trust Case Control Consortium

(Wellcome Trust Case Control Consortium, 2007). Since the data sets contain genome-wide

SNP information, the process of selecting suitable SNPs from multiple candidate genes would

take longer than the time allowed for the manuscript revision (30 days). It is noted that these

genome-wide data sets are publicly available after the first review process has been completed.

The authors have addressed the reviewers comments sufficiently and the paper is ready

for acceptence.

Thank you for your kind comments. The paper has also been revised according to the

comments from the second review.
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