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This report interests in two genetic disease problems that can be tackled using pattern
recognition. The first problem covers a genetic association study of type 2 diabetes
mellitus (T2D). 2LOmb which performs attribute selection via an omnibus
permutation test on ensembles of two-locus analyses is proposed. The algorithm
consists of four main steps: two-locus analysis, a permutation test, glolasle
determination and a progressive search for the best ensemble. 2LOmb is benchmarked
against a set association approach, a correlation-based feature selection technique and
a tuned ReliefF technique. The simulation results from multi-locus interaction
problems indicate that 2LOmb has a low false-positive error. Moreover, 2LOmb has
the best performance in terms of an ability to identify all causative single nucleotide
polymorphisms (SNPs), which signifies a high detection power. 2LOmb is
subsequently applied to a T2D data set, which contains 7,065 SNPs from 370 genes.
The 2LOmb search reveals that 11 SNPs in four genes are associated with T2D. The
second problem involves the classification of blood characteristics by a C4.5 decision

tree, a naive Bayes classifier and a multilayer perceptron for thalassaemia screening.



The aim is to classify 18 classes of thalassaemia abnormality, which have a high
prevalence in Thailand, and one control class by inspecting data characterised by a
complete blood count (CBC) and haemoglobin typing. The stratified 10-fold cross-
validation results indicate that the best classification performance with average
accuracy of 93.23% (standard deviation = 1.67%) and 92.60% (standard deviation =
1.75%) is achieved when the naive Bayes classifier and the multilayer perceptron are
respectively applied to samples which have been pre-processed by attribute
discretisation. The results from wrapper attribute selection also suggest that the
haemoglobin concentration attribute is redundant. Moreover, the achieved
classification performance is significantly higher than that obtained using only

haemoglobin typing attributes as classifier inputs.

Keywords: Attribute Selection, Classification, Pattern Recognition, Thalassaemia,

Type 2 Diabetes Mellitus
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Executive Summary

This report interests in two genetic disease problems that can be tackled using pattern
recognition. The first problem covers a genetic association study of type 2 diabetes
mellitus (T2D). 2LOmb which performs attribute selection via an omnibus
permutation test on ensembles of two-locus analyses is proposed. The algorithm
consists of four main steps: two-locus analysis, a permutation test, glolasle
determination and a progressive search for the best ensemble. 2LOmb is benchmarked
against three attribute selection techniques namely a set association approach, a
correlation-based feature selection technique and a tuned ReliefF technique. The
simulation results from multi-locus interaction problems indicate that 2LOmb has a
low false-positive error. Moreover, 2LOmb has the best performance in terms of an
ability to identify all causative single nucleotide polymorphisms (SNPs), which
signifies a high detection power. 2LOmb is subsequently applied to a genome-wide
T2D data set. After primarily screening for SNPs that locate within or near candidate
genes and exhibit no marginal single-locus effects, the T2D data set is reduced to
7,065 SNPs from 370 genes. The 2LOmb search reveals that 11 SNPs in four genes
are associated with T2D. The findings provide an alternative explanation for the
aetiology of T2D.

The second problem involves the classification of blood characteristics by a
C4.5 decision tree, a naive Bayes classifier and a multilayer perceptron for
thalassaemia screening. The aim is to classify 18 classes of thalassaemia abnormality,
which have a high prevalence in Thailand, and one control class by inspecting data
characterised by a complete blood count (CBC) and haemoglobin typing. Two indices

namely a haemoglobin concentration (HB) and a mean corpuscular volume (MCV)

Vii



are the chosen CBC attributes. On the other hand, known types of haemoglobin from
six ranges of retention time identified via high performance liquid chromatography
(HPLC) are the chosen haemoglobin typing attributes. The stratified 10-fold cross-
validation results indicate that the best classification performance with average
accuracy of 93.23% (standard deviation = 1.67%) and 92.60% (standard deviation =
1.75%) is achieved when the naive Bayes classifier and the multilayer perceptron are
respectively applied to samples which have been pre-processed by attribute
discretisation. The results from wrapper attribute selection also suggest that the HB
attribute is redundant. Moreover, the achieved classification performance is
significantly higher than that obtained using only haemoglobin typing attributes as
classifier inputs. Subsequently, the naive Bayes classifier and the multilayer
perceptron are applied to an additional data set in a clinical trial which respectively
results in accuracy of 99.39% and 99.71%. These results suggest that a combination
of CBC and haemoglobin typing analysis with a naive Bayes classifier or a multilayer

perceptron is highly suitable for automatic thalassaemia screening.
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Section 1 Introduction

1. Introduction
Mathematical models play a crucial role in scientific studies. This is because they
serve many purposes including function approximation, interpolation and
extrapolation. Pattern recognition interests in the mapping between inputs and
discrete-valued outputs, which are commonly referred to as classes. In other words,
pattern recognition concentrates on creating a mathematical model that captures an
input-output relationship which leads to the correct identification of output classes
after observing input features or attributes. Since the procedure of capturing the input-
output relationship involves many steps, research in pattern recognition can be
categorised according to these steps. Examples of these steps include attribute
discretisation, attribute selection and classification model construction. Attribute
discretisation involves a transformation of continuous-valued attributes into discrete-
valued attributes. It is required when a number of classifiers including decision trees
(Quinlan, 1993) are employed. Attribute selection interests in the identification of
optimal attribute subset that leads to the maximum classification accuracy.
Classification model construction concentrates on maximising the capability of
identifying the correct class of an unknown pattern based on the available pattern
data.

In this report, all three areas of pattern recognition are explored. Specifically,
they are applied to two genetic disease problems: genetic association of type 2
diabetes mellitus and thalassaemia classification. Genetic association studies involve
the identification of single nucleotide polymorphisms (SNPs) which are associated
with the disease of interest. Since there are over 3,000,000 SNPs in the human
genome, the problem can be formulated as an attribute selection problem. It will be

demonstrated that a procedure involving an omnibus permutation test on ensembles of
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two-locus analyses and a decision table (Ritchie et al., 2001) provides a sufficient
means for extracting informative SNPs from large-scaled data. In contrast, the
thalassaemia classification problem covers a smaller number of attributes. Moreover,
the attributes are continuous-valued attributes. It will be shown that the problem can
be solved using a procedure which includes an information-theoretic attribute
discretisation technique (Fayyad and Irani, 1993), wrapper attribute selection (Kohavi
and John, 1997) and a naive Bayes classifier (Mitchell, 1997) as well as a multilayer
perceptron (Rumelhart and McClelland, 1986).

The organisation of this report is as follows. In Section 2, the genetic
association of type 2 diabetes mellitus is explained. All necessary techniques for the
study are also explained. Next, the thalassaemia classification problem and how it can

be solved are discussed in Section 3. Finally, the conclusions are given in Section 4.
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2. Genetic Association of Type 2 Diabetes Mellitus

2.1. Background

Complex diseases cannot generally be explained by Mendelian inheritance (Risch and
Merikangas, 1996) because they are influenced by gene-gene and gene-environment
interactions. Many common diseases such as asthma, cancer, diabetes, hypertension
and obesity are widely accepted and acknowledged to be results of complex
interactions between multiple genetic factors (Musani et al., 2007). Attempts to
identify factors that could be the causes of complex diseases have led to many
genome-wide association studies (The Wellcome Trust Case Control Consortium,
2007; The GAIN Collaborative Research Group, 2007). Raw results from these
attempts produce a large amount of single nucleotide polymorphism (SNP) data from
every individual participating in the trials.

For genetic epidemiologists, data sets from genome-wide association studies
present many challenges, particularly the correct identification of SNPs that associate
with the disease of interest from all available SNPs (Heidema et al., 2006). This
challenge can be treated as a pattern recognition problem which aims to identify an
attribute or SNP set that can lead to the correct classification of recruited samples.
Heidema et al. (2006) and Motsinger et al. (2007) have reviewed and identified many
machine learning techniques that are suitable to the task. Among many strategies and
techniques, the protocol that appears to be most promising for genome-wide
association studies involves two main steps: SNP set reduction and classification
model construction (Moore et al., 2006).

The success of the two-step pattern recognition approach relies heavily on the
attribute selection step (Hall and Holmes, 2003). In case-control studies, epistatic

effects play a vital role in establishing the difficulty level of SNP screening problems



Section 2 Genetic Association of Type 2 Diabetes Mellitus

(Cordell, 2002). Epistasis in the simplest form can be represented by disease models
that require genotype inputs from two interacting SNPs (Neuman and Rice, 1992;
Schork et al., 1993). Many attempts have been made to produce consistent definitions
and categorisation of different types of epistasis models (Musani et al., 2007, Cordell,
2002; Li and Reich, 2000; Marchini et al., 2005; Hallgrimsdottir and Yuster, 2008).
According to Musani et al. (2007), a pure epistasis model (Culverhouse et al., 2002) is
difficult because each SNP exhibits no marginal single-locus effect in the model. As a
result, it is impossible to detect the pure epistasis by univariate statistical tests.

Many genetic association studies reveal that various complex diseases are
results of putative multi-locus interactions (Hoh et al., 2001; Heidema et al., 2007).
With the constraints on a computational capability, exhaustive multi-locus analysis in
large-scale or genome-wide association studies would be infeasible (Gayan et al.,
2008). On the other hand, single-locus analysis would be unsuitable for the detection
of pure epistasis. One possible approach that provides a trade-off between a
computational limitation and an epistasis detection capability is to capture a multi-
locus interaction by combining multiple results from two-locus analysis. To achieve
this, it is necessary to prove that once a multi-locus interaction model is broken down
into a combination of two-locus models, all or some of these models remain
detectable through two-locus analysis. Although it is hinted in an early work on two-
locus analysis (Gayan et al., 2008) that the proposed approach is plausible, explicit
experimentation and testing has never been conducted.

In this report, the feasibility of employing an ensemble of two-locus analyses
for the multi-locus interaction determination is demonstrated. Specifically, the
significance of the two-locus analysis ensemble is assessed by an omnibus

permutation test. The primary function of the proposed method is to detect possible
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association and assess its significance through the exploration of different ensembles
of two-locus analyses. Hence, the proposed method is equally interested in both
ensemble selection and testing for significant association.

The proposed method is benchmarked against a simple exhaustive two-locus
analysis technique, the set association approach (Hoh et al., 2001), the correlation-
based feature selection technique (Hall and Holmes, 2003) and the tuned ReliefF
technique (Moore and White, 2007). These filter-based attribute selection techniques
are suitable for the benchmark trial since they are capable of detecting association.
The case-control classification models constructed from screened SNPs via a

multifactor dimensionality reduction method (Ritchie et al., 2001) are also provided.

2.2. Methods

2.2.1. Omnibus Permutation Test on Ensembles of Two-Locus Analyses

The proposed algorithm performs an omnibus permutation test on ensembles of two-
locus analyses and is referred to as a 2LOmb technique. The algorithm consists of

four steps and can be described as follows.

2.2.1.1. Two-Locus Analysis

Consider a case-control genetic association study wjthSNPs, for each pair of
SNPs, a 2x 9 contingency table with rows for disease statud eolumns for
genotype configurations is created.jAtest statistic and the correspondimgalue

can subsequently be computed. With the total @f SNPs, there are

n |
( 2’“] =ﬁ possible SNP pairs. As a result, fr@alue from each two-locus

analysis must be adjusted by a Bonferroni correction. The Bonferroni-corgected
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. n
value from each analysis is the lower value betw%e%‘h]x the uncorrecteg@-value

and one.

2.2.1.2. Permutation Test

The p-value p; for the null hypothesidH; that ensemble—an ensemble of two-

locus analyses of interesis not associated with the disease can be evalimted
permutation test. To achieve this, a scalar statistic is first computed from a function
that combines the Bonferroni-correctgds p-values of individual two-locus tests. A
suitable combining function must (a) be non-increasing in padlue, (b) attain its
maximum value when ang-value equals to zero and (c) have a finite critical value

that is less than its maximum for any significant level greater than zero. In this study,
a Fisher's combining function—(ZZiIog(pi)) is selected. The-value for the
ensemble of two-locus analyses is assessed via a permutation simulation. In each
permutation replicate, samples are constructed such that the case/control status of
each sample is randomly permuted while the total numbers of case and control
samples remain unchanged. &£ contingency table with new entries and a
Bonferroni-correctedp-value for the two-locus analysis within each permutation

replicate are then obtained. This, in turn, leads to a new Fisher's test statistic. Let

T.°denote the value of Fisher’s test statistic obtained foitlthgermutation replicate,
p; is the fraction of permutation replicates with a test statistic greater than or equal to
the test statistic obtained from the original case-control dgta (n other words,

pe=[i a<i<tTe=>Te|t, (2-1)
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wheret is the number of permutation replicates which is set to 10,000 in this study

and || denotes the size of a set.

2.2.1.3. Global p-value Determination

There are many candidate ensembles of two-locus analyses that can be explored. Let
H, :ﬂKESEHOe be the global null hypothesis that noneEoéxplored ensembles of
two-locus analyses is associated with the disease, the test of the global null hypothesis
leads to the globgb-value and provides the genetic association explanation. In the
second step, thevalue p; for a fixed hypothesidd; is a raw or unadjusteavalue.

To account for the correlation among multiple hypotheses that have been tested
during the exploration through many candidate ensembles, the testing result of the
global null hypothesis depends gof™ = min_ p¢. In other words, the global null
hypothesis is rejected if the minimum of the rpwalues is sufficiently small. The
distribution of pi™" can again be determined by a permutation simulation. However, a
nested simulation is unnecessary since the same set of permutation replicates for the
ps determination can be reused in the estimation of the empirical distributigfi*of
The unadjusteg-value for the permutation replicateof each hypothesis is thus
given by

pe=[li :0<j <t j2iTe 2Tt (2-2)
Let p™ =min_p° be the minimum of unadjusteg-values over all explored

ensembles of two-locus analyses in ithepermutation replicate, thevalue for the

global null hypothesidd, is defined by

pglobal :‘{I :1Si St, pimin < p(jr)nin }‘/t (2'3)
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2.2.1.4. Search for the Best Ensemble of Two-Locus Analyses

A simple progressive search is used to identify the best ensemble of two-locus
analyses. The search begins by locating the best two-SNP unit with the smallest
Bonferroni-correctedy”s p-value from the first step. A permutation test is then
performed for this two-locus analysis, yielding both raw and glpbailues since

only one hypothesis has been explored. Next, the search attempts to combine the
existing best two-SNP unit with the two-SNP unit that possesses the next smallest
Bonferroni-correctedy”s p-value from the first step and does not have a higher
permutationp-value than the first two-SNP unit. If this new ensemble yields either a
higher rawp-value or the same raw-value but a higher globat-value from a
permutation test, the search is terminated and the association is explained by the
previously identified two-locus analysis. Otherwise, the best ensemble of two-locus
analyses is updated and the process of appending more two-SNP units to the ensemble
continues. The progressive search terminates when deterioration in the raw or global
p-value is detected, or all possible two-locus analyses have been included in the

ensemble. It is recalled from the third step that for the best ensemble containing

n : . : .
E —1<( 2’“} two-locus analyses, its globadvalue is obtained from the evaluation of

E hypotheses.

2.2.2. Set Association Approach

A set association approach (SAA) is an association detection technique based on an
omnibus permutation test on sets of candidate SNPs (Hoh et al., 2001). The test
captures information about genotyping errors, deviation from Hardy-Weinberg

equilibrium (HWE) and allelic association. In the first step, the genotype distribution
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for each SNP in the control samples is checked for HWE. Then, the number of SNPs

that is to be excluded from the study, | is set to the number of SNPs in the control

samples that deviate from HWE. Two test statistics are subsequently calculated for
each SNP: an allelic association statistic and a statistic for the deviation from HWE of
each SNP in the case samples. The allelic association statisfi¢ ssagistic which is
calculated from the contingency table of alleles or genotypes with disease status. On
the other hand, & statistic for the deviation from HWE of each SNP in the case
samples indicates the level of association. A large deviation from the equilibrium
usually signifies strong association between a SNP and the disease. However, an

excessively large deviation may be the result of genotyping emprSNPs with

largest test statistics for the deviation from HWE are hence excluded from the
consideration.

The test statistics for the allelic association and deviation from HWE are
multiplied together to form a singkestatistic for each remaining SNP. SNPs are then
ranked according to thesrstatistics. A preset number of SNPs with highest ranks are
considered for association. The first candidate SNP set contains only the SNP with the
highest rank (the higheststatistic). The-value for this first set is determined from a
permutation simulation where the case and control labels are randomly permuted
while the numbers of case and control samples remain unchanged. In each
permutation replicate, a new genotype contingency table is constructed andsa new
statistic is subsequently obtained. Thealue is given by the fraction of permutation
replicates with ars statistic greater than or equal to thetatistic from the original
data. The second candidate SNP set consists of the first two SNPs in the rank list. The
test statistic for this SNP set is the suns efatistics from both SNPs. Tlpevalue for

the second candidate SNP set is also obtained through the permutation simulation. By
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progressively adding the remaining SNP with the highest rank to the previously
considered candidate set and performing the permutation simulatatyes for all
candidate SNP sets are estimated. The sizes of candidate SNP sets have the range of
one to the preset number. Among all candidate sets, the SNP set that best describes
genetic association has the lowest p-value.

Since multiple hypotheses are postulated during the construction of candidate
SNP sets, the globalvalue for the selected candidate set must be evaluated. This is
achieved through a permutation simulation in which the currentpraslue for the
chosen candidate set is now used as the test statistic. The existing permutation
replicates, created for the early estimation of the pavalue, can be reused and a
nested permutation simulation is hence avoided. In this study, the maximum
allowable size of the candidate SNP set is the total number of available SNPs while
the number of permutation replicates fewvalue evaluation is set to 10,000. The
allelic association statistic employed in the study is #hstatistic that is obtained

through the contingency table of genotypes with disease status.

2.2.3. Correlation-Based Feature Selection Technique

A correlation-based feature selection (CFS) technique (Hall and Holmes, 2003) is an
attribute (SNP) subset evaluation heuristic that considers both the usefulness of
individual features (SNPs) in the (case-control) classification task and the level of
inter-correlation among features. Each attribute subset is assigned a score given by

_ N,
Merit. = (2-4)
Jne+n.(n, - Dry

where Merit. is the heuristic merit of am_-attribute subseF, 1, is the average

feature-class correlation ang is the average feature-feature inter-correlation. An

10
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attribute subset receives a high merit score if it contains features that are highly
correlated with the class and at the same time have low inter-correlation among one
another. An application of a best-first search for the best subset identification is

carried out to avoid searching through all possible attribute subsets.

2.2.4. Tuned ReliefF

A tuned ReliefF (TuRF) algorithm is a ranking algorithm for identifying genetic
markers which are important in case-control classification (Moore and White, 2007).
TuRF is built on a ReliefF engine (Robnik-Sikonja and Kononenko, 2003). ReliefF

randomly picks a sample from the (case-control) data and identifiag itseearest
neighbours from the same class and anothenearest neighbours from the opposite

class. The attribute valuedghe genotypes in this application—of the neighbour
samples are compared to that of the randomly picked sample and are subsequently
used to update the relevance score for each attribute (genetic marker). This process is
repeated for a specified number of samples, which is limited by the total sample size.
The rationale of ReliefF is that an attribute which is important for the classification
should have different values for samples from different classes and have the same
value for samples from the same class. The relevance score of an attribute have a
range from -1 (not relevant) to +1 (highly relevant). TURF exploits the capability of
ReliefF by repeatedly executing ReliefF and removing a portion of worst attributes at
the end of each execution. This leads to the reevaluation of remaining attributes and,
hence, reduces the effects of attribute noise on the attribute screening. In this study,
the number of repetitions for random sample picking in the ReliefF part is equal to the

total number of case-control samples while the neighbourhood sj2efgr the

11
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relevance score calculation is set to ten. Furthermore, the worst 1% of SNPs is

removed at the end of each ReliefF iteration (TURF 1%).

2.2.5. Multifactor Dimensionality Reduction

A multifactor dimensionality reduction (MDR) method is a wrapper-based technique
that is capable of identifying the best genetic marker combination among possible
markers for the separation between case and control samples (Ritchie et al., 2001).

Similar to other wrapper-based methods, ap-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

n, folds wheren, —1 folds of samples are used to construct a decision table while

the remaining fold of samples is used to identify the classification capability of the
constructed decision table. The decision table construction and testing procedure is

repeatedn, times. Hence, the samples in each fold are always used both to construct

and to test the decision table. The number of cells in a decision table is gi@h by

where n, is the number of candidate markers selected from possible markegsisind

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 provides the
decision for each cell whether the corresponding genotype is a protective or disease-
predisposing genotype. An example of decision table construction is illustrated in

Figure 2.1.
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The classification 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 correctly be identified using the constructed decision rules. The process of

decision table construction and evaluation must be cycled through all or some of
possible2™ —1 combinations wheren, is the total number of available markers in

the study. The best genetic marker combination is determined from two criteria:
classification accuracy and cross-validation consistency. Each time that a testing fold
is used for the classification accuracy determination, the accuracy of the interesting
marker combination model is 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 number of markers has high cross-
validation consistency (CVC). Classification accuracy is the main criterion for
decision making while cross-validation consistency is only used as an auxiliary
measure. Cross-validation consistency generally confirms that the high rank model
can consistently be identified regardless of how the samples are divided for cross-
validation. In a situation where two or more models with different number of markers
are equally good in terms of classification accuracy and cross-validation consistency,
the most parsimonious model—the combination with the least number of markers—is
chosen as the best model.

After the best model has been selected, a permutation test is used to assess the
probability of obtaining classification accuracy that is at least as large as or larger than
that observed in the original data from randomised data. This represents the
probability that the null hypothesis of no association is true. Each permutation
replicate is constructed by randomly assigning the case/control status to each sample

with the numbers of case and control samples remaining fixed. MDR analysis is
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subsequently carried out to obtain the classification accuracy of each permutation
replicate. The empiricgb-value is denoted by the fraction of permutation replicates
with the classification accuracy greater than or equal to the classification accuracy

obtained from the original data.

2.2.6. Implementation

2LOmb is implemented in a C programming language. The program can be compiled
by Microsoft Visual Studio and GNU C compilers. The program has been
successfully tested for the execution under Windows and Linux operating systems.
2LOmb can tackle problems in quadratic time. 2LOmb in its present form occupies
one processor during the program execution. A parallel version of 2LOmb for
genome-wide data is under development. All results included in the study are
collected from the execution of computer programs in a Beowulf cluster. The
computational platform consists of 12 nodes. Each node is equipped with dual Xeon
2.8 GHz processors and 4GB of main memory. The Rocks Cluster Distribution is

installed on all nodes.

2.3. Results and Discussions

2.3.1 Testing with Simulated Data

2LOmb is benchmarked against SAA (Hoh et al.,, 2001), CFS (Hall and Holmes,
2003) and TuRF (Moore and White, 2007) in a simulation trial. The simulation covers
data with causative SNPs, which signify pure epistasis. An efficient algorithm should
produce a result with a high number of correctly-identified causative SNPs. This
signifies the detection capability. An efficient algorithm should also produce a result

with a low number of erroneous SNPs, which are irrelevant to the correct association
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explanation. This provides an indication for the false-positive error. These two
measures on the number of SNPs in the results are used as the performance indicators.

Each simulated data set contains 1,000, 2,000 or 4,000 SNPs in which pure
epistasis is governed by two, three or four causative SNPs. The allele frequencies of
all causative SNPs are 0.5 while the minor allele frequencies of the remaining SNPs
are between 0.05 and 0.5. The data set consists of balanced case-control samples of
sizes 400, 800 or 1,600. All SNPs in control samples are in HWE. The genotype
distribution of causative interacting SNPs follows the pure epistasis model by
Culverhouse et al. (2002), leading to the heritability of 0.01. Every SNP in each data
set exhibits no marginal single-locus effect (Bonferroni-corregtesl p-value >
0.05). Seventy-five independent data sets for each simulation setting are generated via
a genomeSIM package (Dudek et al., 2006). A pahiedt is suitable to assess the
significance of results since the same simulated data sets are used during the
algorithm benchmarking.

The results from the two-, three- and four-locus interaction problems are
shown in Figure 2.2. Clearly, 2LOmb significantly outperforms other techniques in
terms of the low number of erroneous SNPs, the high number of correctly-identified
causative SNPs or both in every interaction problem (a pattedt on 675
benchmark results yieldspavalue < 0.05). The statistical power analysis also reveals
that the benchmark trial with 75 independent data sets for each simulation setting is
sufficient for an accurate evaluation of the overall algorithm performance (power >
0.95 for a Type | error rate of 0.05).

2LOmb also has an advantage in terms of computational time over the other
three techniques. The computational time for all four techniques to finish screening

the SNPs is provided in Table 2.1 to demonstrate this strength of 2LOmb. It can be
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clearly seen that the maximum time required by 2LOmb to screen SNPs in the largest
data set is 419 seconds or approximately seven minutes. This is much less than the

computational time required by the other techniques for the same data set.

2.3.2. Testing with Real Data
2LOmb has been applied to study a type 2 diabetes mellitus (T2D) data set, collected
and investigated by the Wellcome Trust Case Control Consortium (WTCCC) (The
Wellcome Trust Case Control Consortium, 2007). The data set consists of 1,999 case
samples from affected individuals in the UK and 3,004 control samples, which are the
results of a merging between 1,500 samples from the UK blood services and 1,504
samples from the 1958 British birth cohort. The original genome-wide data set
contains 500,568 SNPs that are obtained through the Affymetrix GeneChip 500K
Mapping Array Set. The SNP set is primarily reduced by screening for SNPs within
and near 372 candidate genes collected by the Human Genome Epidemiology
Network (HUGENet) (Yu et al., 2008). These candidate genes cover genes from both
positive and negative genetic association reports, in which studies are conducted in
various ethnic groups and populations. The SNP set is further reduced by removing
SNPs that exhibit strong evidence of genetic association via single-locus analysis. The
final SNP set contains 7,065 SNPs from 370 candidate genes. All SNPs in the reduced
data set exhibit no marginal single-locus effects (Bonferroni-correétegh-value >
0.05).

The 2LOmb search in the reduced T2D data set takes 3,456 seconds (57.6
minutes) of computational time on the Beowulf cluster. The possible genetic
association is detected from 11 intronic SNPs in four genes (glelzle < 0.0001).

Details of these SNPs, the two-SNP units that exhibit marginal two-locus effects and
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the identified genes are given in Table 2.2. A two-SNP unit is locatetMKilA. A
two-SNP unit is also detected RARK2. In addition, there is one SNP in common
among SNPs in botleYS2 two-SNP units. Similarly, there is one common SNP
among three two-SNP units locatedA&M1. Nonetheless, a two-SNP unit in which
each SNP is located in a different gene is absent, indicating that there is no evidence
of gene-gene interactions which can be observed from the 2LOmb result. Linkage
disequilibrium (LD) analysis is subsequently performed using a JLIN package (Carter
et al., 2006) and the resulting LD patterns are illustrated in Figure 2.3. It is noted that
there is strong LD among SNPs within each gene due to high vall@snfir?. The
detection of these two-SNP units is thus believed to be the consequence of haplotype
effects. An early T2D association study also reveals similar haplotype effects in
FUSION data (Epstein and Satten, 2003). Next, an interaction dendrogram (Jakulin
and Bratko, 2003; Jakulin et al., 2003) constructed from the 11 SNPs is given in
Figure 2.4. A strong synergistic effect between the two SNHABARK2 is clearly
observed. In contrast, the interactions betwe@&M1, LMX1A, PARK2 andGYS2 are

clearly absent.

Since many early genetic association studies of T2D and metabolic syndrome
employ MDR analysis (Cho et al., 2004; Hsieh et al., 2006; Qi et al., 2007; Fiorito et
al., 2007), additional MDR analysis would be useful for the comparison. The screened
T2D case-control data set which contains 11 SNPs identified by 2LOmb is further
subjected to MDR analysis. The classification accuracy of the best MDR model is
summarised in Table 2.3. The model covers six SNPs in three @¥Bd;, PARK2
andGYX2. These SNPs are also present in three two-SNP units identified by 2LOmb.
It is noted that the classification accuracy in this real data set is much less than that

from the simulated data sets. Nevertheless, the attainment of low classification
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accuracy does not necessarily suggest that there is no genetic association. Early works
involving genetic association studies of T2D and metabolic syndrome in various
populations via MDR analysis produce similar values of classification accuracy as
summarised in Table 2.4. The classification accuracy by MDR from most studies is in
the range of 0.5-0.6. The only genetic association study of T2D that the classification
accuracy is distinctively high is conducted in a Korean population (Cho et al., 2004).
Differences in genetic background, candidate genes and selected SNPs are the main
causes of variation in the genetic association results. Although MDR does not select
five SNPs from the 2LOmb output, these SNPs should not be regarded as erroneous
SNPs because there is strong linkage disequilibrium among SNPs in each gene.
Moreover, genotype and haplotype relative risk analysis clearly indicates that each
gene, identified by 2LOmb, plays a role in the T2D association explanation. Overall,
the analysis with the methods above only confirms the positive associatie@GNtt,

LMX1A, PARK2 and GYS2 while gene-gene interactions are clearly absent. This
signifies that, for the current study, there is no interaction between each pair of the
identified genes that can be described by purely epistatic two-locus interaction
models. In addition, there are no interactions between these four genes that can be
described by purely epistatic multi-locus interaction models with marginal two-locus
effects.

The four genes selected by 2LOmb regulate many pathways that involve in the
disease development (Kanehisa and Goto, 2000; Kanehisa et al., 2006; Kanehisa et
al., 2008). The genetic association studies involving these genes have been previously
conducted in different populations. For instant®X1A has been chosen as a
positional and biological candidate gene for a case-control study of T2D in Pima

Indians (Thameem et al., 2002). This gene is chosen as a candidate because a linkage
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of T2D to chromosome 1g21-g23 has been previously reported (Hanson et al., 1998).
In addition,LMX1A is one of LIM homeobox genes that are expressed in pancreas
and has been shown to activate insulin gene transcription. Although SNPs have been
carefully selected from the entire gene, no association between these SNPELA

and T2D has been found in this ethnic group.

PARK?2 is another candidate gene that is also selected for case-control studies,
based on evidence from genome-wide linkage analysis (Leak et al., 2008). A linkage
of T2D in an African American population to chromosome 6q24-q27 has been
previously identified (Sale et al., 2004). Althou§ARK2 mainly involves in the
development of Parkinson's disease, single-locus analysis reveals strong evidence of
association between SNPs, which are in the vicinity of SNPs identified by 2LOmb,
and T2D in African Americans.

In contrast td_MX1A and PARK2, which are candidate genes in typical T2D
case-control studie$;YS2 is considered in a study to identify genes responsible for
troglitazone-associated hepatotoxicity in Japaneses with T2D (Watanabe et al., 2003).
In other words, both case and control samples in the study are drawn from
troglitazone-treated T2D patients, in which case patients exhibit an abnormal increase
in alanine transaminase (ALT) and aspartate transaminase (AST) |I&¥R.
regulates starch and sucrose metabolism and an insulin signalling pathway. The
selected SNPs inGYS2 are not found to associate with troglitazone-induced
hepatotoxicity.

Similar to the study ofGYS2, the association study involvingGM1 is not
carried out as a typical T2D case-control study. In fact, an attempt to identify
association betweeRGM1 polymorphisms and obesity has been conducted among

T2D affected individuals in Italy (Gloria-Bottini et al., 200/GM1 regulates
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glycolysis and gluconeogenesis, starch and sucrose metabolism, galactose
metabolism, a pentose phosphate pathway, and streptomycin biosynthesis. Isozyme
polymorphisms (Spencer et al., 1964; March et al., 1993), which are defined through

structural differences in PGM1 protein, are used instead of SNPs in the study where
positive association is identified.

In summary, positive association has been reported from previous studies
involving PARK2 in African Americans and®GM1 in Italians. In contrast, negative
association has been reported from previous studies abbXiA in Pima Indians
and GYX in Japaneses. BotltYS2 and PGM1 regulate starch and sucrose
metabolism while LMX1A and PARK2 govern insulin gene transcription and
Parkinson's disease development, respectively. The above discussion strengthens the
importance of conducting large-scale association studies due to two main reasons.
Firstly, a gene that does not contribute to the aetiology of a complex disease in one
population may be important for association explanation in another population.
Secondly, the absence of interacting candidate genes from a study may lead to
negative association due to a lack of necessary genetic information. A two-locus
interaction can occur between SNPs from genes that regulate one specific pathway
(Hsieh et al., 2006) or between SNPs from genes that regulate different pathways (Qi
et al., 2007). Furthermore, a multi-locus interaction may involve both SNPs from
genes that regulate the same pathway and SNPs from genes that govern different
pathways. Hence, candidate genes should be selected by considering all pathways that
directly and indirectly contribute to the disease development.

This study produces evidence of association between 11 intronic SNPs in
PGM1, LMX1A, PARK2 andGYS2, and T2D in a UK population. Although there are

other independent genome-wide T2D data sets, the association detection within these
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data using a similar methodology to the presented method has never been attempted
because the methodology employed in the majority of genome-wide association
studies is based on single-locus analysis (The Wellcome Trust Case Control
Consortium, 2007; Zeggini et al., 2008). It is recalled that each SNP explored in the
reduced T2D data set exhibits no marginal single-locus effect. Hence, the most logical
approach to confirm the possibility of replicating association results from the current
study is to perform the same detection method on these independent data sets. This is
certainly important to gain further understanding of the genetic role in T2D

susceptibility.

2.4. Conclusions

In this report, a method for detecting epistatic multi-locus interactions in case-control
data is presented. The study focuses on pure epistasis (Musani et al., 2007), which
cannot be detected via single-locus analysis (Culverhouse et al., 2002). To overcome
this difficulty, the proposed method performs an omnibus permutation test on
ensembles of two-locus analyses and is thus referred to as 2LOmb. The detection
performance of 2LOmb is evaluated using both simulated and real data. From the
simulation, 2LOmb produces a low false-positive error and a high detection power.
Furthermore, 2LOmb outperforms a set association approach (SAA) (Hoh et al.,
2001), a correlation-based feature selection (CFS) technique (Hall and Holmes, 2003)
and a tuned ReliefF (TURF) technique (Moore and White, 2007) in various interaction
scenarios. These scenarios are set up by varying the number of causative SNPs, the
number of SNPs in data and the sample size. 2LOmb is subsequently applied to a real
case-control type 2 diabetes mellitus (T2D) data set, which is collected from a UK

population by the Wellcome Trust Case Control Consortium (WTCCC) (The
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Wellcome Trust Case Control Consortium, 2007). The original genome-wide data sets
are first reduced by selecting only SNPs that locate within or near candidate genes
reported by the Human Genome Epidemiology Network (HUGENet) (Yu et al., 2008).
In addition, the selected SNPs must exhibit no marginal single-locus effects. The final
T2D data set contains 7,065 SNPs from 370 genes. 2LOmb identifies 11 SNPs in four
genes that are associated with T2D. This evidence of genetic association leads to an
alternative explanation for the aetiology of T2D in the UK population. It also implies
that SNPs from genome-wide data which are usually discarded after single-locus
analysis confirms the null hypothesis of no association can still be useful for genetic

association studies of complex diseases.
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Table 2.1 Computational time required by all four techniques to detect interactions in
simulated data sets. Only one computing processor in a Beowulf cluster is occupied
during the analysis of one data set. The displayed time is evaluated from the
processing of 75 independent data sets for each simulation setting. The computational
time from the benchmark trial is the maximum time needed by each method to detect
interactions in one data set.

Number
of

Computational time required by each technique (sec)
TuRF
causative Samplel,000 4,000 1,000 4,000 1,000 4,000 1,000 4,000

2LOmb

SAA

CFS

SNPs size SNPs SNPs SNPs SNPs SNPs SNPs SNPs SNPs

2 400 15 135 2,838 3,560 2,182 4,721 2,137 80,312
800 21 224 2,222 5065 6,884 10,135 3,739 161,032

1,600 36 400 2,997 10,105 20,054 31,034 7,134 322,084

3 400 22 140 2,788 3,539 1,302 5,546 2,319 78,892
800 30 229 3,239 5059 6,888 10,328 3,521 170,936

1,600 50 406 5,758 10,393 19,395 30,865 5,827 322,870

4 400 32 150 3,070 5,075 3,050 6,427 2,071 73,654
800 46 236 3,306 6,914 8,038 12,985 3,823 157,369

1,600 70 419 5,508 11,368 22,407 36,693 6,780 340,824

Table 2.2 2LOmb identifies 11 intronic SNPs, which are located in four genes, from
the reduced T2D data. Association between these SNPs and the disease is possible
(global p-value < 0.0001). Seven two-SNP units are present in the ensemble where
each unit contains a pair of SNPs from the same gene.

Gene Chromosome and location Two-SNP unit in the ensemble
PGM1 1p31 (rs2269241, rs3790857)
(rs2269239, rs3790857)
(rs3790857, rs2269238)
LMX1A 1922-923 (rs2348250, rs6702087)
PARK?2 6025.2-927 (rs1893551, rs6924502)
GYX 12p12.2 (rs6487236, rs1871142)

(rs1871142, rs10770836)

Table 2.3Classification accuracy of the best MDR model carcded from the
2LOmb output. The model contains six SNPs fre@M1, PARK2 and GYX2. A
permutation test with 1,000 randomised replicates of case-control data for this model
reveals that the empiricgvalue for the null hypothesis of no associatiorpis

0.001.

Value
rs2269241PGM1), rs3790857RGM1),
rs1893551 PARK?2), rs6924502FARK?2),
rs1871142 GY), rs10770836GY)
54.02
9/10

Description
SNP and gene

Classification accuracy (%)
CVvC
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Table 2.4 Summary of classification accuracy by MDR from early genetic association

studies of T2D in a Korean population, a Han Chinese population from Taiwan, a
female population from the US, and that from an early genetic association study of
metabolic syndrome in an Italian population from the Centre East Coast ltaly. A

permutation test with 1,000 randomised replicates is performed to obtain the empirical
p-value for the null hypothesis of no association in the studies conducted in the US
and Italian populations. In contrast, a permutation test with 100 randomised replicates

is performed to obtain the empiricplvalue in the study conducted in the Korean
population.

Classifica- Permu-
tion acc. tation
Reference Population Gene (%) CVC p-value
Cho et al. (2004) Korean PPARG, 79.57 9/10 0.01
UCP2
Hsieh et al. (2006) Han Chinese RXRG, 62.70 11/12 N/A
EGFR
Qi et al. (2007) us KCNJ11, 54.20 10/10 0.010
HNF4A
Fiorito et al. (2007) Italian PPARG, 61.70 10/10 0.005
DIO2
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Figure 2.1 An MDR decision table that is constructed using a balanced case-control
data set with the sample size of 800. 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
genotypesAABB, AABb, AAbb, AaBB andaaBB are labelled as protective genotypes
while the cells with genotype&aBb, Aabb, aaBb andaabb are labelled as disease-

predisposing genotypes.
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Figure 2.2 Performance of SAA, CFS, TuRF and 2LOmb in all simulation scenarios.
Detection is declared for SAA and 2LOmb if fhealues used as detection indicators

in their results are less than 0.05. The results from SAA, CFS, TuRF and 2LOmb are
displayed using circle, cross, triangle and square markers, respectively.
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Figure 2.3 Linkage disequilibrium (LD) patterns of SNP$®M1, LMX1A, PARK2
andGYS2. LD is explained vid' displayed in the upper triangle arfddisplayed in

the lower triangle. Dark colours indicate high values while pale colours indicate low
values. Distances between SNPs are given in terms of the number of base pairs. SNP1

= 152269241, SNP2 = rs2269239, SNP3 = rs3790857, SNP4 = rs2269238, SNP5
rs2348250, SNP6 = rs6702087, SNP7 = rs1893551, SNP8 = rs6924502, SNP9

rs6487236, SNP10 = rs1871142 and SNP11 = rs10770836.
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LMX1A rs2348250
LMX1A rs6702087
GYS2 rs6487236
GYS2 rs1871142
GYS2 rs10770836
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Figure 2.4 Interaction dendrogram produced from 11 SNPs that are chosen by
2LOmb. The colours in the dendrogram comprise a spectrum of colours representing
a transition from synergy to redundancy. Synergy denotes the situation in which the
entropy-based interaction between two SNPs provides more information than the
entropy-based correlation between the pair. Redundancy refers to the situation in
which the entropy-based interaction between two SNPs provides less information than
the entropy-based correlation between the pair (Moore et al., 2006).
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3. Thalassaemia Classification
3.1. Background
Thalassaemia is a genetic disease that has a high prevalence in Thailand (Fucharoen
and Winichagoon, 1997). It is a result of an abnormality in genes that govern the
formation of a protein called globin, which is a major component of haemoglobin
(Hb). Since each red blood cell contains approximately 300 million molecules of
haemoglobin, a modification of globin structure affects the cell structure and
functionality. This subsequently leads to the reduction in the life span of a red blood
cell (Weatherall and Clegg, 2001). The globin protein contains two compoments:
globin andg-globin. The a-globin ands-globin synthesis is regulated by genes on
chromosomes 16 and 11, respectively. Since the transmission mode of abnormal
genes is autosomal recessive, a person must have two copies of a recessive gene on
the same chromosome to develop the disease. In general, blood characteristics are
analysed during the course of disease diagnosis. A complete blood count (CBC) and
haemoglobin typing are the primary screening tests for a laboratory diagnosis of
thalassaemia. Nonetheless, there is still a limitation in the data analysis due to a large
number of candidate blood characteristics. Moreover, there are many types of
thalassaemia and thalassaemia trait. (Persons with thalassaemia trait do not have the
disease but inherit genes the cause the disease.) As a result, manual diagnosis is
needed to be carried out by trained professionals (Jimenez et al., 1995; Demir et al.,
2002; Ntaios et al., 2007; Sripichai et al., 2008).

Early attempts to develop an automatic diagnostic tool involve CBC data
analysis using image processing (Lund and Barnes, 1972), statistical (Engle et al.,
1976) and clustering techniques (Barosi et al., 1985). Later, the research interest has

shifted to the use of expert systems where both rule-based (Quaglini et al., 1986;
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Quaglini et al., 1988; Lanzola et al., 1990) and hybrid neural network/rule-based
systems (Birndorf et al., 1996) have been successfully implemented for clinical trials.
Nonetheless, these tools broadly differentiate between a wide range of blood disorders
including various types of anaemia. As a result, many subsequent research works
focus on the development of a diagnostic tool that only differentiates between
thalassaemic patients, persons with thalassaemia traits and normal subjects. These
works cover the implementation of a multilayer perceptron (Amendolia et al., 2002;
Amendolia et al., 2003; Wongseree et al., 2007k-reearest neighbour technique
(Amendolia et al., 2003), a support vector machine (Amendolia et al.,, 2003) and
genetic programming (Wongseree et al., 2007) as thalassaemic diagnostic tools.
Among these machine learning techniques, the multilayer perceptron emerges as the
most suitable tool for the thalassaemia classification problem in Thailand (Wongseree
et al., 2007) which covers higher varieties of haemoglobinopathies than other
countries (Fucharoen and Winichagoon, 1997). The multilayer perceptron is capable
of handling a problem with 13 classes of thalassaemia abnormality and two classes of
normal subjects with and without iron deficiency. However, the classification
accuracy during the clinical trial that covers 300 samples is only 81.6% (Wongseree et
al., 2007).

A significant improvement in thalassaemia classification accuracy has been
achieved through the application of machine learning techniques in conjunction with
haemoglobin typing inputs. The techniques that have been applied to the problem
include a C4.5 decision tree, a random forest and a multilayer perceptron. The C4.5
decision tree is proven to be the most suitable technique where the classification
accuracy during a clinical trial involving 1,000 samples from 13 classes of

thalassaemia abnormality and a normal subject class is 93.1% (Piroonratana et al.,
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2009). The improvement in classification accuracy can be achieved because CBC and
haemoglobin typing data represents different aspects of blood characteristics. CBC
information is useful for the diagnosis of various types of anaemia (Quaglini et al.,
1986) while haemoglobin typing information can confirm the haemoglobinopathies
(Sirichotiyakul et al., 2009). Nonetheless, haemoglobin typing alone is insufficient for
the classification between certain types of thalassaemia abnormality. For instance,
haemoglobin typing characteristics cannot be used to differentiate between a person
with a-thalassaemia 1 trait, a person withthalassaemia 2 trait and a normal subject
(Old, 2003).

Since both CBC and haemoglobin typing data are usually available for the
laboratory diagnosis of thalassaemia, an attempt to develop an automated diagnostic
tool that takes both forms of data should be carried out. Consequently, this should
lead to an improvement of classification accuracy. In this report, the possibility of
using CBC and haemoglobin typing data in thalassaemia classification by machine
learning is investigated. The choices of machine learning technique include a
multilayer perceptron, a C4.5 decision tree and a naive Bayes classifier. The first two
techniques are chosen because they are proven to be suitable in the early
investigations involving CBC (Wongseree et al., 2007) and haemoglobin typing
inputs (Piroonratana et al., 2009), respectively. In contrast, a naive Bayes classifier is
selected due to its classification efficacy and implementation simplicity (Hall and
Holmes, 2003). As a result, it is common to provide classification accuracy achieved
by a naive Bayes classifier as a comparison baseline (Hall and Holmes, 2003; Polat
and Gunes, 2006).

With the availability of CBC and haemoglobin typing data and selected

choices of machine learning technique, an investigation can be conducted as follows.
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Firstly, the data is pre-processed via input attribute discretisation. Informative
attributes identified in the previous works (Wongseree et al., 2007; Piroonratana et al.,
2009) are discretised since it has been reported that a proper discretisation of
continuous-valued attributes can significantly improve the classification accuracy of
both multilayer perceptron and C4.5 decision tree (Piroonratana et al., 2009). The
attributes are thus discretised via an information-theoretic technique proposed by
Fayyad and Irani (1993). As a result, the data with discrete-valued attributes is
available for classifier benchmarking. Since the information contained within the
CBC attributes and necessary for the classification may overlap with that contained
within the haemoglobin typing attributes, redundant attributes that can be removed
without affecting the classification accuracy are also identified during classifier
benchmarking. Correlation analysis via symmetrical uncertainty measurement (Press
et al., 1988) is subsequently performed on the attributes necessary for the
classification. After the classifier performance evaluation is completed, the best
classifier together with the pruned attribute set is chosen for a clinical trial involving a
separate data set. This independent data set contains more samples than those in the
early clinical trials by Wongseree et al. (2007) and Piroonratana et al. (2009). Finally,
classification analysis of the clinical trial results is carried out to determine the
feasibility of the chosen classifier and pruned attribute set. Every step in the procedure
described above is illustrated in Figure 3.1 and is implemented using a WEKA

package (Witten and Frank, 2005).

32



Section 3 Thalassaemia Classification

3.2. Materials and Methods

3.2.1. CBC and Haemoglobin Typing Data Sets

The data sets for thalassaemia classification consist of various blood characteristics
obtained through CBC and haemoglobin typing. In this study, the data sets consist of
eight input attributes. Details of these attributes are given in Table 3.1. The first two
attributes are obtained through CBC: a haemoglobin concentration (HB) and a mean
corpuscular volume (MCV). These two attributes are chosen since they are proven to
be highly informative in the early studies (Amendolia et al., 2003; Wongseree et al.,
2007). The last six attributes are obtained through haemoglobin typing. Multiple
haemoglobin typing attributes, characterised through the use of high performance
liquid chromatography (HPLC) (Clarke and Higgins, 2000), are necessary for
classification since a blood specimen generally contains more than one type of
haemoglobin. As a result, many types of thalassaemia abnormality can be identified
through the difference in proportion of haemoglobin contents (Old, 2003; Ou and
Rognerud, 2001; Colah et al., 2007). The haemoglobin typing attributes are extracted
from elution chromatograms (Joutovsky et al., 2004). Typical elution chromatograms
of two different specimens are illustrated in Figure 3.2. The first chromatogram shows
that the specimen is mostly made up from HblAthe MCV value obtained via CBC

is greater than 75 fL, this specimen is most likely to be taken from a normal person.
Otherwise, this specimen must be obtained from a personaithlassaemia 1 trait.

The second chromatogram indicates that the specimen consists of &ttdl Adb E.

This means that the specimen is taken from a person with Hb E trait. It is noticeable
that some types of thalassaemia abnormality can be diagnosed via haemoglobin
typing analysis alone while the diagnosis of other types requires both CBC and

haemoglobin typing information. Figure 3.2 also illustrates that different types of
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haemoglobin are detectable in the form of elution peaks at different retention time.
Hence, a chromatogram can be divided into multiple sections where each section
occupies a non-overlapping range of retention time. Consequently, each
chromatogram section represents a unique attribute for the classification where the
percentage of haemoglobin in the elution profile corresponds to the attribute value.
The last six attributes and the associated types of haemoglobin are also summarised in
Table 3.1. It is noticed that two attributes representing the elution profiles which
occupy the retention time between 161 and 199 seconds and between 231 and 249
seconds are not needed. These two attributes correspond to unknown types of
haemoglobin and are proven to be uninformative for the classification task
(Piroonratana et al., 2009).

Two confirmed diagnosis data sets are acquired for this study. The first data
set is created for the evaluation of classifier performance while the second set is used
in a clinical trial. The data set for the classifier evaluation consists of 1,402 samples
which represent the majority of blood specimens from adults that need to be screened
for thalassaemia. On the other hand, the data set for the clinical trial contains 8,054
samples and is at least eight times larger than those from the previous studies
(Wongseree et al., 2007; Piroonratana et al., 2009). The clinical trial data set
represents a typical distribution of specimens which are submitted for screening
during a fixed time period. Both data sets are collected from Siriraj Hospital,
Bangkok, Thailand during 1 January 2007 and 31 December 2008. The data
acquisition has been conducted in accordance with the Faculty of Medicine Sirirgj
Hospital Ethics Committee’s guideline and in accordance with the Helsinki
Declaration. In addition, informed consent has been obtained from all individuals. The

description of both data sets is summarised in Table 3.2. The samples are made up
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from seven groups of thalassaemic patients, ten groups of persons with thalassaemia
trait, one group of persons with abnormal haemoglobin and one group of normal
subjects. Some types of thalassaemia abnormality in the data set for classifier
benchmarking are not presented in the specimens collected for the clinical trial. In
other words, the classifier benchmarking data set covers more types of thalassaemia
abnormality than those presented in the data set for clinical trial. This is carried out to
increase the possibility of using the chosen classifier in other data sets without or with

minimal additional classifier training.

3.2.2. Attribute Discretisation

The thalassaemia data sets are pre-processed by means of attribute discretisation. The
discretisation technique selected for this study is developed by Fayyad and Irani
(1993). The technique, which has been successfully applied in an early investigation
into thalassaemia classification (Piroonratana et al., 2009), is an information-theoretic
technique that employs entropy-based splitting and minimum description length
stopping criteria. A chosen cut point within the range of each attribute value is
ensured to lie at a boundary between two classes. A new cut point is introduced
recursively to each sample subset and is accepted if a significant information

gain—the difference between the information values befid after the splitis
achieved. The class entropy of a sample$awhich consists of samples frof@|

classes, is defined as

Ent(S)=-)_ p(c)log,p(c) (3-1)

ceC
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wherep denotes the probability ards a class. A cut poink, which is performed on
an attributeA of the sample se$, creates a partition that has the class information

entropy

E(AT,S)= E' Ent(S)+ E' Ent(S,) (3-2)

where S, and $ are the sample subsets $fand S +S,=S. The cut pointT is

accepted according to the minimum description length stopping criterion if and only if

log, (S| - D, log, (¥~ 2)- [C|Ent 6)-|C,|Ent & )-|C,|Ent G,)]
B S

Gain(AT,S)>

(3-3)
where|C,| and|C,| are the numbers of classes in the subSetndS,, respectively

and GairfA, T, S is the information gain of the cut point, which is defined as

Gain(AT,S)=Ent(S)- ||Sl|| Ent(S)- ||§|| Ent(S,). (3-4)

3.2.3. Symmetrical Uncertainty
Symmetrical uncertainty is an information-theoretic measure discussed by Press et al.
(1988) that defines a correlation between two discrete-valued variables. Consider a

sample set in which each sample is describedmbyliscrete-valued attributes

A,...,A,. The entropy of an attributéy before and after observing an attribuie is

respectively given by

H(A)=-> p(a)log,p(a) (3-5)
3eA
and H(A|A)=-> p(@)Y. p(ala;)log, p@ala,) (3-6)
aeA a,eA
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where & is a value of the attributé and a; is a value of the attributé . The

degree of correlation between attributdsand A, can be estimated via symmetrical

uncertainty (SU) which is defined by

U — 2 H(A)—H(AIA,-)}

| H(A)+H(A)

H(A)-H(AA)

| H(A)+H(A)

H(A)+H(A)-H(A,A)
H(A)+H(A)

=2x

(3-7)

=2x

The value range of symmetrical uncertainty is [0, 1]. & value close to zero
indicates a weak correlation while &J value close to one indicates a strong

correlation (Pierrakos and Paliouras, 2010).

3.2.4. C4.5 Decision Tree

A CA4.5 decision tree is one of the most widely used inductive inference tools
(Quinlan, 1993). The tree is generally constructed in a top-down manner. The
construction begins at the root node where each attribute is evaluated using a
statistical test to determine how well it can classify the training samples. The best
attribute is chosen as the test at the root node of the tree. A descendant of the root
node is then created for either each possible value of this attribute if it is a discrete-
valued attribute or each possible discretised interval of this attribute if it is a
continuous-valued attribute. Next, the training samples are sorted to the appropriate
descendant node. The process is repeated using the training samples associated with
each descendant node to select the best attribute for testing at that point in the tree.
This forms a greedy search for a decision tree, in which the algorithm never

backtracks to reconsider earlier node choices. Although it is possible to add a new
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node to the tree until all samples that are assigned to one node belong to the same
class, the tree is not allowed to grow to its maximum depth. A node is introduced to
the tree only when there are a sufficient number of samples left from sorting. After the
complete tree is constructed, a tree pruning is usually carried out to avoid data over-
fitting.

A statistical test used in C4.5 for assigning an attribute to each node in the tree
also employs an entropy-based measure. The assigned attribute is the one with the
highest information gain ratio among attributes available at that tree construction
point. The information gain ratiGainRatio(A, S of an attributeA relative to the

sample set Sis defined as

GainRatio(A, §) = — CANAS) (3-8)
Solitinformation( A, S)
- S|
where Gain(A, S) = Ent(S) - ZHEnt (S) (3-9)
and Solitinformation(A, S) = —z |Sa| log |S""| (3-10)
=4C Il

S, is the subset of for which the attributeA has the valuea. Obviously, the
information gain ratio can be calculated straightaway for discrete-valued attributes. In
contrast, continuous-valued attributes are needed to be discretised prior to the

information gain ratio calculation.

3.2.5. Naive Bayes Classifier

A naive Bayes classifier is a classification system in which the class prediction is
based on the application of Bayes theorem (Mitchell, 1997). Consider a set of training
samples where each sample is made up frodiscrete-valued attributes and a class

from a finite seC. The naive Bayes classifier can probabilistically predict the class of
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an unknown sample using the available training sample set to calculate the most
probable output. The most probable clagg of an unknown sample with the

conjunction a, &, ..., amis given by
Cyp =g Maxp €& a, ,..a, - (3-11)
With the use of Bayes theorem, this expression can be rewritten as

Cye = arg maxp(al’az""’a’“|c)p(c)
NB ceC p(a,a,,...a,) . (3-12)
=argmaxp & @, ,..a,/C P €

The naive Bayes classifier functions by assuming that the attributes are conditionally
independent given the class. In other words, given the class of the sample the
probability of observing the conjuncti@n, ay, ..., an is the product of the probability

of observing each attribute:
P(a,,,...a,[c)=[ [ p@&f). (3-13)

Substituting equation (3-13) into equation (3-12), the most probable class as predicted

by the naive Bayes classifier is

Cye =argmaxp ¢ [ [ p &fc . (3-14)

A Laplace estimate (Cestnik, 1990) is used to calchxﬁaﬁ C), thatis

‘Sai‘c‘-Fl

[S:|+[Al

p(a|c) = (3-15)

where ‘S@\c

Is the number of samples from the clasa which theith attribute A)

has the valuey, |S| is the number of samples from the classd|A)| is the number

of possible values for the attribute A
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3.2.6. Multilayer Perceptron

A neural network is an interconnected group of artificial neurons that uses a
computational model for information processing. The neural network selected for this
study is a multilayer perceptron (Rumelhart and McClelland, 1986). The model of a
neuron shown in Figure 3.3(a) indicates thainput signals are received by the
neuron. These inputs are weighted and summed together. The threshold, which is
treated as an extra connection weight, is then applied to the weighted-sum result.

Thus, the linear combiner outpa) Or input to the activation function is given by

z= Zvviui (3-16)

whereu; is theith input to the neuron ang is the connection weight for the for the

input u.. In addition,u, =-1 andwy is the threshold. The neuron outpbtz}) is the

output from the activation function and is denoted by

1

" etz

(3-17)

As a result, the output signal from each neuron is limited by a logistic sigmoid
function. The neuron model described above is used throughout the multilayer feed-
forward network illustrated in Figure 3.3(b). The multilayer perceptron is
implemented in this manner because the early studies indicate that a multilayer
perceptron of this form works well with both CBC (Wongseree et al., 2007) and
haemoglobin typing inputs (Piroonratana et al., 2009).

Since the multilayer perceptron is used as a classifier, the number of network
inputs is equal to the number of attributes while the number of network outputs is
equal to the number of classes. Each output neuron represents one of possible classes
with the highest-valued output taken as the network prediction. This is often referred

to as a 1-ofa output encoding technique (Mitchell, 1997). In this study, the network
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has a single hidden layer, which is a layer of neurons that receive attributes as inputs
and send signals to output neurons. The number of neurons in the hidden layer is a
design parameter and can generally be set using a heuristic rule. The number of
hidden nodes is set tgnumber of attributes + number of classes)f2this study
(Witten and Frank, 2005).

The multilayer perceptron is trained by a back-propagation algorithm. The
algorithm employs a sample-by-sample updating rule for adjusting connection
weights. A training sample is presented to the network during the iteration. The signal
is fed in a forward manner through the network until the network output is obtained.
The error between actual and target network outputs is then calculated and used to
adjust the connection weights. The adjustment procedure, which is based on a
gradient descent method, is first applied to connection weights in the output layer.
Next, connection weights in the hidden layer are adjusted. The iteration is completed

when all connection weights have been adjusted.

3.3. Results and Discussions

3.3.1. Attribute Discretisation

The original CBC and haemoglobin typing data contains eight attributes as given in
Table 3.1. The attributes in classifier evaluation samples are discretised using the
information-theoretic technique (Fayyad and Irani, 1993) described earlier. The

discrete intervals of each attribute are illustrated in Table 3.3. The discrete intervals
for attributes 3, 4, 6 and 8, which are haemoglobin typing attributes, are similar to

those reported in Piroonratana et al. (2009) while more discrete intervals for attributes
5 and 7 are introduced. This implies that the discrete intervals for some attributes

from the previous study by Piroonratana et al. (2009) are sufficient for the
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classification task in the current study. However, new discrete intervals for the other
attributes are also required to accommodate more types of thalassaemia. Furthermore,
a cut point at MCV = 74.95 fL is introduced to attribute 2. This conforms to the expert
rule explained earlier for the differentiation between normal subjects and persons with

a-thalassaemia 1 trait.

3.3.2. Classifier Performance Evaluation

Three candidate classifiersa C4.5 decision tree, a naive Bayes classifier and a
multilayer perceptron-are benchmarked using the classifier evaluation data
stratified 10-fold cross-validation experiments (Kohavi, 1995). The training of a
multilayer perceptron is terminated prior to the occurrence of data over-fitting. The
suitable number of training epochs is chosen using a training and validation approach
(Mitchell, 1997). Basically, a validation data set is employed to detect the training
epoch where the training error continues to decrease while the validation error begins
to increase. This is the point where data over-fitting occurs. In this study, 10% of data
samples are used as the validation samples. In contrast to a multilayer perceptron,
C4.5 has a built-in mechanism for data over-fitting avoidance. This is achieved via a
rule post-pruning strategy (Quinlan, 1993).

The classification performance of C4.5, a naive Bayes classifier and a
multilayer perceptron on the classifier evaluation data obtained from stratified 10-fold
cross-validation is summarised in Table 3.4. The results from each classifier are
tallied from 30 runs where new cross-validation folds are generated for each run. The
results obtained by excluding CBC attributes from classifier inputs are also given for
comparison purposes. The exclusion of haemoglobin typing attributes from classifier

inputs lead to unacceptably low classification accuracy; these results are not shown. It
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is noticeable that both naive Bayes classifier and multilayer perceptron have the
highest classification accuracy. Moreover, the use of six haemoglobin typing
attributes in conjunction with the MCV attribute as classifier inputs is proven to be
sufficient while the HB attribute appears to be a redundant attribute. The symmetrical
uncertainty analysis of seven attributes necessary for the classification in Table 3.5
reveals that only the Hb jAHb E and Hb A attributes are moderately correlated
among one another while the remaining attributes are uncorrelated.

Among three classifiers, it can be clearly seen that both naive Bayes classifier
and multilayer perceptron have higher classification performance than C4.5 when all
attributes are used and when only HB is not used as an infr4t's p-value <
0.0001). Moreover, the performance difference between naive Bayes classifier and
multilayer perceptron in both cases is statistically insignificant 0.05). However,
when both HB and MCV are excluded from classifier inputs the classification
accuracy of C4.5 is significantly better than that of the multilayer percepiren (
0.01). In the early work by Wongseree et al. (2007), which involves the application of
a multilayer perceptron and a genetic programming based decision tree to the
classification problem with CBC attributes, the multilayer perceptron is proven to be
the best classifier. In contrast, C4.5 is proven to be the best classifier in comparison to
a multilayer perceptron and a random forest in the classification problem with
haemoglobin typing attributes (Piroonratana et al., 2009). Based on the evidence from
the early and present studies, it is possible to deduce that C4.5 is more suitable to the
problem when only haemoglobin typing attributes are considered as inputs while a
multilayer perceptron is more suitable to the problem that involves CBC attributes.

As mentioned earlier, it is hypothesised that using both CBC and haemoglobin

typing attributes as inputs to the classifiers should lead to an improvement in the
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classification accuracy. The classification performance of each classifier clearly
supports this hypothesis where the difference between the classification accuracy
obtained using all attributes and that using only haemoglobin typing attributes is
statistically significantf < 0.0001). Nonetheless, MCV is the only necessary CBC
attribute for the classification. This is deduced from the results which clearly indicate
that the difference between the classification accuracy obtained using all attributes
and that with the exclusion of HB attribute is not statistically signifigamt @.05). In
addition, the removal of MCV from the classifier inputs also leads to a significant
degradation of classification performange € 0.0001). Further analysis of the
classification accuracy reveals that the increase in classification error mainly stems
from an inability to differentiate between normakthalassaemia 1 trait and-
thalassaemia 2 trait samples. This conforms to the early explanation regarding the
limitation of using haemoglobin typing attributes as the sole inputs for the
classification task involving these three classes (Old, 2003; Piroonratana et al., 2009).
Although the early studies by Amendolia et al. (2003) and Wongseree et al. (2007)
suggest that both HB and MCV are informative CBC attributes, it is most likely that
the use of haemoglobin typing attributes is sufficient to satisfy the need for using the
HB attribute.

It is observed that the redundancy of the HB attribute can only be identified
via the inspection of the variation in classification accuracy after changing the
attribute combination, which is a simple form of wrapper attribute selection (Kohavi
and John, 1997). An attempt to perform attribute selection by other techniques
including a correlation-based feature selection technique (Hall and Holmes, 2003) and
a ReliefF technique (Robnik-Sikonja and Kononenko, 2003) fails to identify this

redundancy. These techniques are considered because the attributes selected by the
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techniques are not transformed, which makes the clinical interpretation of results a
straightforward task. Moreover, the correlation-based feature selection technique is
proven to be capable of identifying informative haemoglobin typing attributes in the
early study by Piroonratana et al. (2009).

Detailed classification performance of all three classifiers obtained without the
HB input is subsequently analysed. The results from an example run of the stratified
10-fold cross-validation given in Tables 3.6-3.8 indicate that the classification
accuracy of each classifier for the classes with a small number of samples is low.
Nonetheless, most of the misclassified samples from these classes are identified as
samples from classes which are closely related to the true classes. For instance, mixed
Hb E and Hb Constant Spring trait samples as well as mixed Hb E and abnormal
haemoglobin samples are classified as Hb E trait, mixdthlassaemia 1 and Hb E
trait and homozygous Hb E samples. Similarly, samples from persons with Hb H-
Constant Spring disease are misclassified as homozygous Hb Constant Spring
samples and vice versa. The results from other runs and from stratified 10-fold cross-
validation with other settings for attribute combination also have a similar trend and
hence are not shown.

Based on the above discussion of classification results, it can be concluded
that the necessary attributes for this study are six haemoglobin typing attributes and
the MCV attribute while the suitable classifiers for use with these attributes are a
naive Bayes classifier and a multilayer perceptron. Moreover, a multilayer perceptron
is equally suitable to a naive Bayes classifier in terms of the actual implementation for
clinical trials. This is because the storage of trained connection weights for a

multilayer perceptron requires a similar amount of space to that of probability values
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for a naive Bayes classifier. In lieu of these reasons, a naive Bayes classifier and a

multilayer perceptron are the chosen classifiers for a clinical trial.

3.3.3. Clinical Trial

In the previous sub-section, both naive Bayes classifier and multilayer perceptron
with six haemoglobin attributes and the MCV attribute are proven to be the best
approach for thalassaemia classification. The naive Bayes classifier and the multilayer
perceptron are subsequently used in a clinical trial involving 8,054 samples. The
distribution of classes within the clinical trial data set has been given in Table 3.2. A
naive Bayes classifier and a multilayer perceptron, which are trained with classifier
evaluation samples, are applied to the clinical trial data set where the classification
accuracy of 99.39% and 99.71% are respectively achieved. Detailed classification
performance of both classifiers is given in Tables 3.9-3.10. It is noticeable that nearly
all misclassified samples from both classifiers stem from mixéitalassaemia 1 and

Hb E trait samples. They are classified as Hb E trait samples, which belong to the
class that are closely related to the true class. This indicates that both naive Bayes
classifier and multilayer perceptron are highly suitable to the present classification

problem.

3.4. Conclusions

In this report, a thalassaemia classification problem in Thailand is investigated. The

aim is to identify whether the human subject is a person with abnormal haemoglobin,

a person with thalassaemia trait, a thalassaemic patient or a normal person using
complete blood count (CBC) and haemoglobin typing data. The data sets contain

eight attributes and 19 classes. The first two attributes are CBC attributes: a
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haemoglobin concentration (HB) and a mean corpuscular volume (MCV). On the
other hand, the last six attributes reflect the percentages of haemoglobin at a specific
range of retention time. In other words, these attributes represent different types of
haemoglobin. The study is divided into two main parts: classifier and attribute subset
selection and a clinical trial. Candidate classifiers for the task include a C4.5 decision
tree, a naive Bayes classifier and a multilayer perceptron. The experiment involving
stratified 10-fold cross-validation reveals that both naive Bayes classifier and
multilayer perceptron are the most suitable classifier for the data that has been pre-
processed by attribute discretisation. The experiment results also suggest that using
both CBC and haemoglobin typing attributes as classifier inputs can significantly
improve the classification accuracy over that achieved using only haemoglobin typing
attributes. Furthermore, the experiment results indicate that HB is a redundant
attribute for this study. The naive Bayes classifier and the multilayer perceptron are
subsequently applied to an additional data set in a clinical trial. The analysis of
classification errors from the trial indicates that most of the misclassified samples are
identified as samples from classes which are closely related to the true classes. This
helps emphasise the suitability of a naive Bayes classifier and a multilayer perceptron

as an automated thalassaemic classification tool.
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Table 3.1 Input features or attributes for thalassaemia classification. The first two
attributes are CBC attributes while the last six attributes represent different types of
haemoglobin.

Attribute  Attribute name Description (measurement unit)
1 HB Haemoglobin concentration (gram/decilitre, g/dL)
2 MCV Mean corpuscular volume (femtolitre, fL)
3 Hb Bart’'s Percentage of haemoglobin at retention time O-
68 sec (%)
4 Hb A, c/Hb F Percentage of haemoglobin at retention time 69-
160 sec (%)
5 Hb A Percentage of haemoglobin at retention time 200-
230 sec (%)
6 Hb E Percentage of haemoglobin at retention time 250-
280 sec (%)
7 Hb A Percentage of haemoglobin at retention time 281-
289 sec (%)
8 Hb D/Hb S/ Percentage of haemoglobin at retention time 290-
Hb Constant 320 sec (%)
Spring/Hb C

Table 3.2Two data sets for thalassaemia classification. Tis¢ $et contains 1,402
samples and is used for classifier benchmarking. The second set consists of 8,054
samples which are collected for a clinical trial.

Number of samples
Classifier  Clinical

Bench- trial
Class Description Category marking

1 Normal subject Normal 78 436
2 o-Thalassaemia 2 trait Trait 150 978
3 Hb Constant Spring trait Trait 23 10
4 Hb E trait Trait 548 4,292
5 Hb E trait + Hb Constrant Spring trait Trait 6 1
6 Hb E trait + abnormal haemoglobin Trait 5 0
7 a-Thalassaemia 1 trait Trait 180 1,008
8 o-Thalassaemia 1 trait + Hb E trait ~ Trait 116 431
9 Homozygous Hb E Trait 105 571
10 p-Thalassaemia trait Trait 74 267
11 HPFH Trait 9 1
12 Abnormal haemoglobin N/A 11 1
13 Hb H disease Disease 39 27
14 Hb H-Constant Spring disease Disease 5 0
15 Homozygous Hb Constant Spring Disease 8 0
16 EA Bart's disease Disease 11 1
17 -Thalassaemia/Hb E Disease 15 22
18 f'-Thalassaemia/Hb E Disease 9 3
19 Homozygouss-thalassaemia Disease 10 5
Total 1,402 8,054
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Table 3.3 Discrete intervals of the attributes.

Attribute Attribute name Interval Range

1 HB 1 HB < 8.65
8.65 <HB <10.65
10.65 <HB <14.55
HB > 14.55
MCV < 56.45
56.45 <MCV £61.35
61.35 <MCV < 64.05
64.05 <MCV < 69.95
69.95 <MCV <£72.15
72.15 <MCV <£74.95
74.95 <MCV < 78.75
78.75 <MCV <£79.95
79.95 <MCV < 84.05
84.05 <MCV £ 87.45
MCV > 87.45

2 MCV
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Table 3.3 Discrete intervals of the attributes (cont.).

Attribute Attribute name Interval Range

3 Hb Bart’s % of Hb <1.70
% of Hb >1.70
% of Hb <0.58
0.58 <% of Hb <3.35
3.35 <% of Hb <10.85
10.85 <% of Hb <74.35
74.35 <% of Hb <83.60
% of Hb >83.60
% of Hb <1.05
1.05 <% of Hb <49.10
49.10 <% of Hb <52.75
52.75 <% of Hb <62.85
62.85 <% of Hb <65.15
65.15 <% of Hb <67.65
67.65 <% of Hb <72.35
72.35 <% of Hb <77.05
77.05 <% of Hb <83.25
83.25 <% of Hb <83.35
% of Hb >83.35
% of Hb <7.70
7.70 <% of Hb <18.65
18.65 <% of Hb <24.95
24.95 <% of Hb <40.75
40.75 <% of Hb <59.80
59.80 <% of Hb <75.80
% of Hb >75.80
% of Hb <0.05
0.05 <% of Hb <1.05
1.05 <% of Hb <2.15
2.15 <% of Hb <2.55
2.55 <% of Hb <3.55
3.55 <% of Hb <11.40
11.40 <% of Hb <20.10
% of Hb >20.10
8 Hb D/Hb S/ % of Hb <0.05

Hb Constant Spring/Hb C 2 % of Hb >0.05

4 Hb Aid/Hb F

5 Hb Ag

6 Hb E

7 Hb A,
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Section 3 Thalassaemia Classification

Table 3.4Summarised classification performance of the C4.&istn tree, naive
Bayes classifier and multilayer perceptron. The results are averaged over 30 runs of
stratified 10-fold cross-validation involving 1,402 samples. The numbers in the
brackets are standard deviations.

Classification accuracy (%)

Naive Bayes Multilayer
Attribute set ~ C4.5 decision tree classifier perceptron
Complete 89.88 (1.74) 92.77 (1.74) 92.34 (1.69)
Without HB 89.30 (1.82) 93.23 (1.67) 92.60 (1.75)
Without MCV 79.80 (2.58) 80.49 (2.34) 77.04 (2.65)
Without both 77.98 (2.23) 79.27 (2.13) 76.31 (2.44)

HB and MCV

Table 3.5 A symmetrical uncertainty (SU) analysis of six haemoglobin typing
attributes and the MCV attribute. ABU value close to zero denotes a weak
correlation while anSU value close to one denotes a strong correlation. The
description of each attribute has been given in Table 3.1.

Attribute 2 3 4 5 6 7 8
2 1.0000 0.0202 0.0196 0.0992 0.1360 0.0430 0.0031
3 1.0000 0.0043 0.0298 0.0543 0.0713 0.0606
4 1.0000 0.0921 0.0870 0.0473 0.0053
5 1.0000 0.4960 0.3130 0.0157
6 1.0000 0.4950 0.0231
7 1.0000 0.0202
8 1.0000
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Table 3.6 Detailed classification performance of the C4.5 decision tree from one run
of stratified 10-fold cross-validation without the HB attribute. The classification
accuracy is 89.90%, which sufficiently represents the average accuracy of 89.30%
(standard deviation = 1.82%) obtained from 30 runs. The description of each class has
been given in Table 3.2.

Actual Identified class (number of samples) Class
class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 acc.(
1 78 100.00
2 14¢ 1 3 97.33
3 1 4 13 5 56.52
4 1 3 53¢ 1 4 1 98.18
5 2 1 3 16.67
6 3 1 1 0.00
7 3 2 l6¢ 1 2 3 93.89
8 1 115 99.14
9 10s 2 98.10
10 8 7 12 44 3 59.46
11 3 1 1 1 1 2 11.11
12 1 2 4 1 1 1 1 0.00
13 1 2 12 24 61.54
14 2 2 1 0.00
15 1 5 2 0.00
16 1 1 1 8 72.73
17 3 1 11 73.33
18 2 7 77.78
19 4 1 4 1 10.00

Table 3.7 Detailed classification performance of the naive Bayes classifier from one
run of stratified 10-fold cross-validation without the HB attribute. The classification
accuracy is 93.37%, which sufficiently represents the average accuracy of 93.23%
(standard deviation = 1.67%) obtained from 30 runs. The description of each class has
been given in Table 3.2.

Actual Identified class (number of samples) Class
class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 acc.
1 74 2 2 94.87
2 14~ 3 1 1 96.67
3 2 21 91.30
4 1 1 54C 3 1 2 98.54
5 2 4 0.00
6 2 1 2 0.00
7 3 1 16 1 4 2 93.89
8 6 110 94.83
9 104 1 99.05
10 3 2 1 63 5 85.14
11 3 1 1 4 44.44
12 1 1 2 2 1 2 1 1 0.00
13 1 5 33 84.62
14 1 2 2 40.00
15 3 2 3 37.50
16 1 1C 90.91
17 1 14 93.33
18 2 7 77.78
19 10 100.00
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Table 3.8 Detailed classification performance of the multilayer perceptron from one
run of stratified 10-fold cross-validation without the HB attribute. The classification
accuracy is 92.65%, which sufficiently represents the average accuracy of 92.60%
(standard deviation = 1.75%) obtained from 30 runs. The description of each class has
been given in Table 3.2.

Actual Identified class (number of samples) Class
class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 acc.(
1 73 1 3 1 93.59
2 14z 1 4 1 1 1 94.67
3 1 20 2 86.96
4 1 53¢ 1 4 1 1 2 98.18
5 1 1 2 2 33.33
6 2 1 1 1 0.00
7 3 2 166 2 2 1 1 3 92.22
8 1 2 111 1 1 95.69
9 10s 2 98.10
10 1 2 3 63 5 85.14
11 4 3 2 33.33
12 1 1 1 2 1 1 1 1 1 1 9.09
13 1 3 34 1 87.18
14 1 2 2 0.00
15 4 4 50.00
16 1 1C 90.91
17 2 1 12 80.00
18 1 8 88.89
19 1 9 90.00

Table 3.9 Detailed classification performance of the naive Bayes classifier from the
clinical trial involving 8,054 samples. The classification accuracy is 99.39%. The
description of each class has been given in Table 3.2.

Actual Identified class (number of samples) Class

class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 acc.
1 436 100.00
2 977 1 99.90
3 10 100.00
4 4291 1 99.98
5 1 0.00
6
7 100¢ 100.00
8 37 394 91.42
9 57C 1 99.82
10 7 260 97.38
11 1 100.00
12 1 0.00
13 27 100.00
14
15
16 1 100.00
17 22 100.00
18 3 100.00
19 5 100.00
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Table 3.10 Detailed classification performance of the multilayer perceptron from the
clinical trial involving 8,054 samples. The classification accuracy is 99.71%. The
description of each class has been given in Table 3.2.

Actual Identified class (number of samples) Class
class 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 acc.(
1 436 100.00
2 97¢ 1 1 99.80
3 10 100.00
4 428¢ 2 1 99.93
5 1 0.00

6

7 1 1007 99.90
8 13 418 96.98
9 571 100.00
10 267 100.00
11 1 100.00
12 1 100.00
13 27 100.00
14

15

16 1 100.00
17 3 19 86.36
18 3 100.00
19 5 100.00
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Thalassaemia Classification

Classifier Benchmarking
Data Set

Attribute
Discretisation

Discrete-Valued Data
Set

Classification by C4.5, a Naive
Bayes Classifier and a Multilayer
Perceptron, Attribute Selection
and Attribute Correlation
Analysis

The Best Classifier and
Pruned Attribute Set

Verification
[

Performance
Analysis

Clinical Trial Data Set

Analysed Classification
Accuracy from the
Clinical Trial

Figure 3.1 Schematic diagram for the methodology employed in the study.
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Figure 3.2 Elution chromatograms of (a) either a normal specimen or a specimen from
a person withe-thalassaemia 1 trait depending on the MCV value and (b) a specimen
from a person with Hb E trait that are obtained from an Hb Gold HPLC system. RT(S)
represents the retention time in seconds for each fraction of elute. % of Hb represents
the percentage of haemoglobin in the elution peak.
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Input Hidden Output
Layer Layer Layer

(a) (b)

Figure 3.3 Schematic diagram of a multilayer perceptron: (a) computational model of
a neuron and (b) feed-forward network with one hidden layer.
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Section 4 Conclusions

4. Conclusions

In this report, two genetic disease problems have been tackled using pattern
recognition. The first problem involves the identification of single nucleotide
polymorphisms (SNPs) that are useful for genetic association study of type 2 diabetes
mellitus (T2D). The problem is difficult because the number of discrete-valued
attributes is large while the sample size is small. As a result, the problem can be
treated as an attribute selection problem. An omnibus permutation test on ensembles
of two-locus analyses has been developed for the task. The technique is proven to be a
vital part of the SNP extraction procedure. The findings provide an alternative
explanation for the aetiology of T2D.

The second problem of interest is a thalassaemia classification problem. In
contrast to the first problem, this problem involves continuous-valued attributes. The
procedure for solving the problem hence begins with information-theoretic attribute
discretisation (Fayyad and Irani, 1993). Then informative attributes are identified via
wrapper attribute selection (Kohavi and John, 1997). Finally, the classification models
are constructed using a naive Bayes classifier (Mitchell, 1997) and a multilayer
perceptron (Rumelhart and McClelland, 1986). The result indicates that significantly
high classification accuracy can be achieved. Overall, the results from both problems
suggest that pattern recognition techniques are highly efficient and are proven to be

useful for problems in genetics.
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Output from the Project

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

of these articles follow.

1. Wongseree, W., Assawamakin, A., Piroonratana, T., Sinsomros, S., Limwongse,
C. and Chaiyaratana, N. (2009). Detecting purely epistatic multi-locus interactions
by an omnibus permutation test on ensembles of two-locus anaBsEs.
Bioinformatics, 10, 294. (2009 Journal Impact Factor = 3.428)

2. Piroonratana, T., Wongseree, W., Assawamakin, A., Paulkhaolarn, N.,
Kanjanakorn, C., Sirikong, M., Thongnoppakhun, W., Limwongse, C. and
Chaiyaratana, N. (2009). Classification of haemoglobin typing chromatograms by
neural networks and decision trees for thalassaemia scre@hiegometrics and
Intelligent Laboratory Systems, 99, 101-110. (2009 Journal Impact Factor =
2.111)

3. Setsirichok, D., Piroonratana, T., Wongseree, W., Usavanarong, T., Paulkhaolarn,
N., Kanjanakorn, C., Sirikong, M., Limwongse, C. and Chaiyaratana, N. (2011).
Classification of complete blood count and haemoglobin typing data by a C4.5
decision tree, a naive Bayes classifier and a multilayer perceptron for thalassaemia
screening.Biomedical Signal Processing and Control, in press. (2009 Journal

Impact Factor = 0.620)
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Appendix

Publication of the Research Results

A.1. BMC Bioinformatics

Wongseree, W., Assawamakin, A., Piroonratana, T., Sinsomros, S., Limwongse, C.
and Chaiyaratana, N. (2009). Detecting purely epistatic multi-locus interactions by an
omnibus permutation test on ensembles of two-locus anaBs#s.Bioinformatics,

10, 294. (2009 Journal Impact Factor = 3.428)

BMC Bioinformatics is an open access journal. All articles published in the journal

are publicly available in both html and pdf formats. The above article can be accessed

at www.biomedcentral.com/1471-2105/10/29%Wpdated information regarding a
published article can be found in the comment section of the article at the publisher
repository. The latest comment about the above article, which was published on 7

April 2011, is also included in the appendix.
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Abstract

Background

Purely epistatic multi-locus interactions cannot generally be detected via single-locus analysis
in case-control studies of complex diseases. Recently, many two-locus and multi-locus analysis
techniques have been shown to be promising for the epistasis detection. However, exhaustive
multi-locus analysis requires prohibitively large computational efforts when problems involve
large-scale or genome-wide data. Furthermore, there is no explicit proof that a combination of
multiple two-locus analyses can lead to the correct identification of multi-locus interactions.
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The proposed 2LOmb algorithm performs an omnibus permutation test on ensembles of two-locus analyses. The algorithm
consists of four main steps: two-locus analysis, a permutation test, global p-value determination and a progressive search
for the best ensemble. 2LOmb is benchmarked against an exhaustive two-locus analysis technique, a set association
approach, a correlation-based feature selection (CFS) technique and a tuned ReliefF (TuRF) technique. The simulation results
indicate that 2LOmb produces a low false-positive error. Moreover, 2LOmb has the best performance in terms of an ability to
identify all causative single nucleotide polymorphisms (SNPs) and a low number of output SNPs in purely epistatic two-,
three- and four-locus interaction problems. The interaction models constructed from the 2LOmb outputs via a multifactor
dimensionality reduction (MDR) method are also included for the confirmation of epistasis detection. 2LOmb is subsequently
applied to a type 2 diabetes mellitus (T2D) data set, which is obtained as a part of the UK genome-wide genetic
epidemiology study by the Wellcome Trust Case Control Consortium (WTCCC). After primarily screening for SNPs that locate
within or near 372 candidate genes and exhibit no marginal single-locus effects, the T2D data set is reduced to 7,065 SNPs
from 370 genes. The 2LOmb search in the reduced T2D data reveals that four intronic SNPs in PGM1 (phosphoglucomutase
1), two intronic SNPs in LMX1A (LIM homeobox transcription factor 1, alpha), two intronic SNPs in PARK2 (Parkinson disease
(autosomal recessive, juvenile) 2, parkin) and three intronic SNPs in GYS2 (glycogen synthase 2 (liver)) are associated with
the disease. The 2LOmb result suggests that there is no interaction between each pair of the identified genes that can be
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described by purely epistatic two-locus interaction models. Moreover, there are no interactions between these four genes
that can be described by purely epistatic multi-locus interaction models with marginal two-locus effects. The findings provide
an alternative explanation for the aetiology of T2D in a UK population.

Conclusion

An omnibus permutation test on ensembles of two-locus analyses can detect purely epistatic multi-locus interactions with
marginal two-locus effects. The study also reveals that SNPs from large-scale or genome-wide case-control data which are
discarded after single-locus analysis detects no association can still be useful for genetic epidemiology studies.

Background

Complex diseases cannot generally be explained by Mendelian inheritance [1] because they are influenced by gene-gene and
gene-environment interactions. Many common diseases such as asthma, cancer, diabetes, hypertension and obesity are
widely accepted and acknowledged to be results of complex interactions between multiple genetic factors [2]. Attempts to
identify factors that could be the causes of complex diseases have led to many genome-wide association studies [3,4]. Raw
results from these attempts produce a large amount of single nucleotide polymorphism (SNP) data from every individual
participating in the trials.

For genetic epidemiologists, data sets from genome-wide association studies present many challenges, particularly the
correct identification of SNPs that associate with the disease of interest from all available SNPs [5]. This challenge can be
treated as a pattern recognition problem which aims to identify an attribute or SNP set that can lead to the correct
classification of recruited samples. Heidema et al. [5] and Motsinger et al. [6] have reviewed and identified many machine
learning techniques that are suitable to the task. Among many strategies and techniques, the protocol that appears to be
most promising for genome-wide association studies involves two main steps: SNP set reduction and classification model
construction [7]. From a machine learning viewpoint, attribute selection techniques can be divided into three main
categories: filter, wrapper and embedded approaches [8]. In a filter approach, a measure or an index is used to determine
the correlation between attributes and classes, e.g. affected and unaffected status in a case-control study. Attributes that
are deemed to be important for the classification according to the measure are then selected. The filter approach includes y2
and odds ratio tests [9,10], omnibus permutation tests [11-13], a correlation-based feature selection technique [14], a
ReliefF technique [15] and a tuned ReliefF technique [16]. In a wrapper approach, the significance of an attribute subset is
evaluated from the classification performance by a classifier. The capability of the wrapper approach to identify significant
attributes thus depends on the chosen classifier and the search algorithm for the identification of the best attribute subset.
Combinatorial [17] and restricted partitioning methods [18], a multifactor dimensionality reduction method [19-25] and a
polymorphism interaction analysis technique [26] are examples of the wrapper approach. An embedded approach
concentrates on informative attributes during the construction of a classification model. Examples of the embedded approach
include a genetic algorithm with Boolean algebra [27], genetic programming based decision trees [28,29], random forests
[30-32] and evolutionary neural networks [33,34]. Based on this categorisation, classification models are not direct outputs
from filter-based techniques. On the other hand, classification models are readily prepared as outputs from the wrapper and
embedded approaches. In other words, the last two approaches can also be regarded as classification model construction
techniques.

The success of the two-step pattern recognition approach relies heavily on the attribute selection step [14]. In case-control
studies, epistatic effects play a vital role in establishing the difficulty level of SNP screening problems [35,36]. Epistasis in
the simplest form can be represented by disease models that require genotype inputs from two interacting SNPs [37,38].
Many attempts have been made to produce consistent definitions and categorisation of different types of epistasis models
[2,35,39-41]. According to Musani et al. [2], a pure epistasis model [42] is difficult because each SNP exhibits no marginal
single-locus effect in the model. As a result, it is impossible to detect the pure epistasis by univariate statistical tests.
Examples of complex diseases that case-control studies have uncovered putatively pure epistasis include type 2 diabetes
mellitus (T2D) [43-46] and metabolic syndrome [47]. Due to the difficulty of screening for each SNP independently, it is
suggested that attention should be focused on the analysis of differences between two-locus genotype distribution within
case and control groups [40] and multi-locus Bayesian statistical analysis [48,49].

A number of SNP screening and association detection techniques have adopted the two-locus genotype monitoring strategy
as their core engines [40,50-52]. The search for interactions can be carried out via either exhaustive analysis [52] or the
analysis that can be divided into two stages, incorporating single-locus analysis for the pre-screening purpose [40,50,51]. In
the two-stage mode, at least one SNP that involves in the construction of two-locus genotype unit must be a strong
candidate for the association explanation, usually verified through univariate statistical tests. Each mode of the two-locus
analysis possesses different strengths and weaknesses. The exhaustive analysis has a full capability of detecting pure
epistasis but requires larger computational efforts [52]. In contrast, the two-stage analysis is more practical for large-scale
data but with some risk of missing possible pure epistasis [50]. More practical usage of both two-locus analysis modes in
real case-control studies is required before the feasibility issue can be fully addressed.

2371 24 4/7/11 9:44 PM



BioMed Central | Full text | Detecting purely epistatic multi-I... http://www.biomedcentral.com/1471-2105/10/294/

Many genetic association studies reveal that various complex diseases are results of putative multi-locus interactions
[11,46,53]. With the constraints on a computational capability, exhaustive multi-locus analysis in large-scale or
genome-wide association studies would be infeasible [52]. On the other hand, single-locus analysis would be unsuitable for
the detection of pure epistasis. One possible approach that provides a trade-off between a computational limitation and an
epistasis detection capability is to capture a multi-locus interaction by combining multiple results from two-locus analysis. To
achieve this, it is necessary to prove that once a multi-locus interaction model is broken down into a combination of
two-locus models, all or some of these models remain detectable through two-locus analysis. Although it is hinted in an early
work on two-locus analysis [52] that the proposed approach is plausible, explicit experimentation and testing has never

been conducted.

In this article, the feasibility of employing an ensemble of two-locus analyses for the multi-locus interaction determination is
demonstrated. Specifically, the significance of the two-locus analysis ensemble is assessed by an omnibus permutation test
[54]. The proposed method is inspired by a set association approach [11], in which a limited number of sets that contain
different numbers of SNPs are explored for possible association. These SNP sets are crucial in the global p-value calculation
of the selected set via a permutation test and thus the decision to accept or reject the null hypothesis of no association. In
other words, SNP set exploration and selection is required to assess the significance of the identified association. This means
that the set association approach is equally interested in both SNP set selection and testing for significant association. The
primary function of the proposed method is to detect possible association and assess its significance through the exploration
of different ensembles of two-locus analyses. Hence, the proposed method is also equally interested in both ensemble
selection and testing for significant association.

The proposed method is benchmarked against a simple exhaustive two-locus analysis technique, the set association
approach [11], the correlation-based feature selection technique [14] and the tuned ReliefF technique [16]. These
filter-based attribute selection techniques are suitable for the benchmark trial since they are capable of detecting
association. The case-control classification models constructed from screened SNPs via a multifactor dimensionality reduction
method [19] are also provided.

Results and discussion

Algorithm

The proposed algorithm performs an omnibus permutation test on ensembles of two-locus analyses and is referred to as a
2LOmb technique. The algorithm consists of four steps as illustrated in Figure 1 and can be described as follows.

Figure 1. Outline of 2LOmb. In this example, the algorithm takes a balanced case-control
Lo data set that consists of 400 samples and 1,000 SNPs. Each genotype is represented by an

== integer: 0 denotes a homozygous wild-type genotype, 1 denotes a heterozygous genotype and
2 denotes a homozygous variant or homozygous mutant genotype. A x2 contingency table is
then constructed for each pair of SNPs in two-locus analysis. This results in the total of

1,000
( ! 5 ] = 499,500 two-locus analyses. Thus, the Bonferroni-corrected y2's p-value for each

two-locus analysis is the lower value between 499,500 x its uncorrected p-value and one. In

one ensemble, Bonferroni-corrected y2's p-values from multiple two-locus analyses are
combined together via a Fisher's combining function, which in turn provides a Fisher's test statistic result. The raw
p-value for the ensemble is obtained through a permutation test, which is composed of 10,000 randomised
permutation replicates. Since multiple ensembles may be tried during the identification of the best association
explanation, a global p-value is calculated to account for multiple hypothesis testing. The global p-value is
estimated through the same permutation test that gives the raw p-value for each ensemble. The progressive
search for the best association explanation is carried out by incrementally adding a two-SNP unit to the current
best ensemble. The condition for search termination is based on both the raw p-value for the explored ensemble
and the global p-value. In this example, the search is terminated after the fourth ensemble is explored due to an
increase in the raw p-value. Subsequently, the best SNP set for association explanation contains SNP1, SNP2 and
SNP3 where the global p-value that accounts for testing of four hypotheses is p < 0.0001.

Two-locus analysis
Consider a case-control genetic association study with n,, SNPs, for each pair of SNPs, a 2 x 9 contingency table with rows
for disease status and columns for genotype configurations is created. A y2 test statistic and the corresponding p-value can

n
subsequently be computed. With the total of n,, SNPs, there are [ ;’] = np!/((Nm - 2)121) possible SNP pairs. As a result,

the p-value from each two-locus analysis must be adjusted by a Bonferroni correction. The Bonferroni-corrected p-value
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L n
from each analysis is the lower value between ( g’] X the uncorrected p-value and one.

Permutation test
The p-value pg for the null hypothesis Hg that ensemble e--an ensemble of two-locus analyses of interest--is not

associated with the disease can be evaluated by a permutation test. To achieve this, a scalar statistic is first computed from
a function that combines the Bonferroni-corrected y2's p-values of individual two-locus tests. A suitable combining function
must (a) be non-increasing in each p-value, (b) attain its maximum value when any p-value equals to zero and (c) have a
finite critical value that is less than its maximum for any significant level greater than zero [54]. In this study, a Fisher's
combining function (-23; log(pj)) is selected [55]. The p-value for the ensemble of two-locus analyses is assessed via a
permutation simulation. In each permutation replicate, samples are constructed such that the case/control status of each
sample is randomly permuted while the total numbers of case and control samples remain unchanged. A »2 contingency
table with new entries and a Bonferroni-corrected p-value for the two-locus analysis within each permutation replicate are
then obtained. This, in turn, leads to a new Fisher's test statistic. Let ‘rf denote the value of Fisher's test statistic obtained

for the ith permutation replicate, pg is the fraction of permutation replicates with a test statistic greater than or equal to the

test statistic obtained from the original case-control data (Tge)- In other words,

where t is the number of permutation replicates which is set to 10,000 in this study and |-| denotes the size of a set.

Global p-value determination

There are many candidate ensembles of two-locus analyses that can be explored. Let H = n Hg be the global null

12esE
hypothesis that none of E explored ensembles of two-locus analyses is associated with the disease, the test of the global null
hypothesis leads to the global p-value and provides the genetic association explanation. In step 2, the p-value pg for a fixed

hypothesis Hg is a raw or unadjusted p-value. To account for the correlation among multiple hypotheses that have been

tested during the exploration through many candidate ensembles, the testing result of the global null hypothesis depends on
oo™ = ming p§ - In other words, the global null hypothesis is rejected if the minimum of the raw p-values is sufficiently

small. The distribution of panin can again be determined by a permutation simulation. However, a nested simulation is
unnecessary since the same set of permutation replicates for the pS determination can be reused in the estimation of the
empirical distribution of pg‘i” [56]. This strategy has been successfully implemented in a number of genetic association

detection techniques, including a set association approach [11] and a haplotype interaction approach embedded in FAMHAP
[57,58]. The unadjusted p-value for the permutation replicate i of each hypothesis e is thus given by

o}y =|{j:D$jSt,j¢a’,TfZTf}I/t.

Let pf_min = ming pf be the minimum of unadjusted p-values over all explored ensembles of two-locus analyses in the ith

permutation replicate, the p-value for the global null hypothesis Hg is defined by

Palobal =| {1 1150 < ¢, p/" < plin} | /2,

Search for the best ensemble of two-locus analyses

A simple progressive search is used to identify the best ensemble of two-locus analyses. The search begins by locating the
best two-SNP unit with the smallest Bonferroni-corrected y2's p-value from step 1. A permutation test is then performed for
this two-locus analysis, yielding both raw and global p-values since only one hypothesis has been explored. Next, the search
attempts to combine the existing best two-SNP unit with the two-SNP unit that possesses the next smallest Bonferroni-
corrected y2's p-value from step 1 and does not have a higher permutation p-value than the first two-SNP unit. If this new
ensemble yields either a higher raw p-value or the same raw p-value but a higher global p-value from a permutation test,
the search is terminated and the association is explained by the previously identified two-locus analysis. Otherwise, the best
ensemble of two-locus analyses is updated and the process of appending more two-SNP units to the ensemble continues.
The progressive search terminates when deterioration in the raw or global p-value is detected, or all possible two-locus

n
analyses have been included in the ensemble. It is recalled from step 3 that for the best ensemble containing E - 1 <[ 2”7]

two-locus analyses, its global p-value is obtained from the evaluation of E hypotheses.
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Validity of the algorithm

A permutation replicate in 2LOmb is constructed by randomly assigning the case or control status to each sample while
maintaining the original proportion of case and control samples. Once the construction of a permutation replicate is finished,
the assigned case and control labels remain fixed to the samples. The pattern of case and control labels in each permutation
replicate is thus constant and unique. Therefore, the Bonferroni-corrected y2's p-values from any two-SNP units within a
permutation replicate are calculated from the same case-control data set. Hence, the combining of these Bonferroni-
corrected y2's p-values via a Fisher's combining function is attainable. The calculation of Fisher's test statistics from all
permutation replicates and the original data set leads to the raw or unadjusted p-value pg for the null hypothesis ng of the

ensemble e as given in equation 1. Since the same set of permutation replicates is always used during the evaluation of each
ensemble, the raw p-values for the null hypotheses from all ensembles can be directly compared against one another.
Furthermore, the global p-value calculation is based on this set of permutation replicates. This is possible because the
unadjusted p-value for the permutation replicate i of ensemble e or pf can be calculated in a similar manner to the raw

p-value pg as defined in equation 2. The unadjusted p-values for the same permutation replicate but different ensembles
min

can also be directly compared and the subsequent calculation of bi =m ine pf is attainable. With p[min and

pgwin = ming pg, the p-value for the global null hypothesis Hq = n HS that incorporates all E explored hypotheses

12esE
can be determined by equation 3. In summary, only one set of permutation replicates is required for the calculation of both
the raw p-value for the null hypothesis of every ensemble and the global p-value. The p-values can be compared in each
step of 2LOmb. Consequently, the selection of the best ensemble for association explanation can be carried out via a p-value
comparison.

Testing with simulated data

2LOmb is benchmarked against a simple exhaustive two-locus analysis technique, a set association approach (SAA) [11], a
correlation-based feature selection (CFS) technique [14] and a tuned ReliefF (TURF) technique [16] in a simulation trial. The
exhaustive two-locus analysis is simply the two-locus analysis procedure from the first step of the 2LOmb algorithm. An
interaction is declared if at least one two-SNP unit with a Bonferroni-corrected y2's p-value below 0.05 is detected. The
exhaustive two-locus analysis reports all SNPs that meet this detection condition. The simulation covers two main data
categories: null data of no significant genetic association and data with causative SNPs which signify pure epistasis. The
algorithm performance on the null data provides an indication for the false-positive error. On the other hand, the algorithm
performance on the data with causative SNPs indicates the detection capability. An efficient algorithm should produce an
output with a low nhumber of SNPs and a high number of correctly-identified causative SNPs when epistasis is present.
Similarly, it should also report that there are no causative SNPs in the null data. These two measures on the number of SNPs
in the results are used as the performance indicators.

Each simulated data set contains 1,000, 2,000 or 4,000 SNPs in which either there are no causative SNPs or there is pure
epistasis, governed by two, three or four causative SNPs. The allele frequencies of all causative SNPs are 0.5 while the minor
allele frequencies of the remaining SNPs are between 0.05 and 0.5. The data set consists of balanced case-control samples
of sizes 400, 800 or 1,600. All SNPs in control samples are in Hardy-Weinberg equilibrium (HWE) [59]. The genotype
distribution of causative interacting SNPs follows the pure epistasis model by Culverhouse et al. [42], leading to three
interesting values of heritability: 0.01, 0.025 and 0.05. Every SNP in each data set exhibits no marginal single-locus effect
(Bonferroni-corrected x2's p-value > 0.05). Twenty-five independent data sets for each simulation setting are generated via
a genomeSIM package [60]. A paired t-test is suitable to assess the significance of results since the same simulated data
sets are used during the algorithm benchmarking.

The results from the null data problem are summarised in Figure 2 while the results from the two-, three-and four-locus
interaction problems are shown in Figures 3-4, 5-6 and 7-8, respectively. Clearly, 2LOmb significantly outperforms other
techniques in terms of the low number of output SNPs, the high number of correctly-identified causative SNPs or both in
every interaction problem (a paired t-test on 675 benchmark results yields a p-value < 0.05). On the other hand, both
2LOmb and SAA have the lowest false-positive error when compared to other techniques in the null data problem (a paired
t-test on 225 benchmark results yields a p-value < 0.05). The statistical power analysis also reveals that the benchmark trial
with 25 independent data sets for each simulation setting is sufficient for an accurate evaluation of the overall algorithm
performance (power > 0.95 for a Type | error rate of 0.05). These results can be further interpreted as follows.

Figure 2. Performance of the exhaustive two-locus analysis, SAA, CFS, TuRF and
2LOmb in the null data problem. The results are averaged over 25 independent simulations.
I N ‘ “*  False detection is declared for the exhaustive two-locus analysis, SAA and 2LOmb if the

I } « p-values used as detection indicators in their results are less than 0.05. The results from the

* exhaustive two-locus analysis (E2LA), SAA, CFS, TuRF and 2LOmb are displayed using
magenta, blue, green, red and black markers, respectively. In each chart, the horizontal axis
represents the detection algorithm while the vertical axis represents the number of output SNPs
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N reported by the algorithm. The top nine charts are displayed using a finer scale than the bottom
“. | nine charts.

Figure 3. Performance of the exhaustive two-locus analysis and 2LOmb in the
. two-locus interaction problem. The results are averaged over 25 independent simulations.
— " Detection is declared for the exhaustive two-locus analysis and 2LOmb if the p-values used as

detection indicators in their results are less than 0.05. The results from the exhaustive

. == two-locus analysis (E2LA) and 2LOmb are displayed using magenta and black markers,

. respectively. In each chart, the horizontal axis represents the detection algorithm while the
vertical axis represents the number of output SNPs reported by the algorithm. All causative
SNPs are present in outputs from both the exhaustive two-locus analysis and 2LOmb in all
simulations.
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Figure 4. Performance of SAA, CFS, TuRF and 2LOmb in the two-locus interaction
problem. The results are averaged over 25 independent simulations. Detection is declared for
SAA and 2LOmb if the p-values used as detection indicators in their results are less than 0.05.
The results from SAA, CFS, TuRF and 2LOmb are displayed using blue, green, red and black

. = markers, respectively. In each chart, the horizontal axis represents the number of correctly-
identified causative SNPs while the vertical axis represents the number of output SNPs reported
by the algorithm. The charts on which the red markers are invisible denote the situations in
which the performance of TURF and 2LOmb is similar. The charts in this figure are displayed
using a coarser scale than the charts in Figure 3.
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Figure 5. Performance of the exhaustive two-locus analysis and 2LOmb in the
three-locus interaction problem. The explanation for how the results are obtained and
displayed is the same as that given in Figure 3.
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Figure 6. Performance of SAA, CFS, TuRF and 2LOmb in the three-locus interaction
wwsmsn aws s . Problem. The explanation for how the results are obtained and displayed is the same as that
- “* given in Figure 4.

Figure 7. Performance of the exhaustive two-locus analysis and 2LOmb in the
wwsman awe s fOur-locus interaction problem. The explanation for how the results are obtained and
displayed is the same as that given in Figure 3.
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Figure 8. Performance of SAA, CFS, TuRF and 2LOmb in the four-locus interaction
— ams e problem. The explanation for how the results are obtained and displayed is the same as that
P “* given in Figure 4.
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The performance of many existing attribute selection techniques for pattern recognition depends on the level of attribute
interactions. A number of techniques, including CFS, appear to function well under a moderate level of interactions. However,
the performance of CFS appears to be significantly reduced when the interaction level becomes too high [14,61] because
CFS favours an attribute that is strongly correlated with the classification outcome--disease status in this study--while at the
same time is not correlated with other attributes. Since the main driving force behind epistasis is the interaction between
SNPs, which are themselves attributes, CFS would not intuitively select all causative SNPs. Consequently, the SNP set
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produced by CFS appears to contain only uncorrelated SNPs. Obviously, a SNP that is a part of the interaction model would
occasionally be picked up by CFS but CFS never successfully identifies all causative SNPs in any interaction problems. In
addition, CFS reports more erroneous SNPs than other techniques in the null data problem and all three interaction problems
due to many SNPs being uncorrelated.

The benchmarking of attribute selection techniques by Hall and Holmes [14] also reveals that ReliefF [15] is better than CFS
in problems with a high level of interactions. Since ReliefF is essentially the core engine of TuRF, the results from this study
are in agreement with the early benchmark trial. This finding strengthens the observation that the interaction level of SNPs
in pure epistasis models is too high for CFS to handle. Similar to its predecessor, the performance of TuRF still depends on
both the number of attributes and sample size. TURF performs well in the majority of simulation scenarios with 1,000-2,000
SNPs and 800-1,600 samples. These scenarios are relatively easy since the number of SNPs is small while the sample size is
large. However, the size of output SNP set, reported by TuRF from the null data problem and all three interaction problems,
increases significantly when the difficulty level rises by either reducing the sample size or increasing the number of SNPs.
This implies that when the problem contains a large number of candidate SNPs, the only way to ensure that TuRF reports a
proper SNP set is to use a relatively large sample size, making it impractical in real genetic association studies due to many
factors including disease prevalence, population size and genotyping cost.

The global p-values in most of the SAA results from the null data problem and all three interaction problems exceed 0.05,
showing that SAA reports a low false-positive result in the null data problem. Nonetheless, SAA remains unsuitable for
detecting pure epistasis because of its high false-negative error. This poor performance can be traced back to the manner in
which SAA exploits an omnibus permutation test. As stated earlier, single-locus analysis does not detect any association
between a SNP and the disease in this study. Hoh et al. [11] have demonstrated that genetic association can be more
significantly observed when the single-locus test statistics are combined together. Nonetheless, there is an additional
requirement that each causative SNP must exhibit a marginal single-locus effect. In the current study, the association signal
from each causative SNP is lower than the required threshold, leading to similar test statistics and global p-values for both
combinations of multiple SNPs which include causative SNPs and those which exclude causative SNPs.

Both 2LOmb and exhaustive two-locus analysis technique are capable of identifying all causative SNPs. However, the size of
output SNP set from 2LOmb is significantly smaller than that from the exhaustive two-locus analysis. Appended SNPs to the
causative SNPs in the output from 2LOmb and those from the exhaustive two-locus analysis are erroneous SNPs. These
erroneous SNPs are parts of false two-SNP units with Bonferroni-corrected y2's p-values less than 0.05. A similar trend of
results regarding the size of output SNP set is also observed in the benchmark trial involving the application of 2LOmb and
exhaustive two-locus analysis to the null data. This signifies that the permutation test and the progressive search embedded
in 2LOmb can help reducing the number of erroneous SNPs in the output.

As mentioned earlier, 2LOmb produces the best results among five techniques in the benchmark trial. 2LOmb has a low
false-positive error in the null data problem and is capable of detecting all causative SNPs in every simulated data set in all
three interaction problems. This performance is further strengthened by highly significant global p-values in 2LOmb results
from all three interaction problems (p < 0.0001) and the presence of a SNP in common among some or all pairs of two-SNP
units in the three- and four-locus interaction problems. Nonetheless, some of the 2LOmb outputs contain a few erroneous
SNPs which are irrelevant to the correct association explanation. Since all three interaction problems involving different
numbers of causative SNPs are investigated by varying the total number of SNPs, the sample size and the level of
heritability, these parameters may influence the number of erroneous SNPs in the 2LOmb results. Similarly, the total number
of SNPs and the sample size may affect the number of erroneous SNPs in the 2LOmb results from the null data problem.
ANOVA reveals that the only source of variation that significantly affects the number of erroneous SNPs in the null data,
two-locus interaction and three-locus interaction problems is the sample size (p < 0.000001). In addition, the sample size
must be greater than 800 for an increase in the number of erroneous SNPs to be significant. In contrast, ANOVA reveals that
two sources of variation that affect the number of erroneous SNPs in the four-locus interaction problem are the sample size
(p < 0.000001) and the total number of SNPs (p < 0.00005). Similar to the null data, two-locus interaction and three-locus
interaction problems, the sample size in the four-locus interaction problem must be greater than 800 to create a significant
increase in the number of erroneous SNPs. On the other hand, the number of erroneous SNPs appears to decrease when the
total number of SNPs increases. These two sources of variation also interact with each other (p < 0.005). However, the
interaction is most evident only when the sample size is large, i.e. when the sample size is 1,600.

ANOVA shows that the number of erroneous SNPs in the 2LOmb results is influenced by the sample size and the total
number of SNPs but not by the heritability. It is observed that the number of erroneous SNPs increases when the sample
size is large. This counterintuitive phenomenon can be explained as follows. As 2LOmb combines p-values that are
determined from x2 tests, the number of entries for the contingency table construction is large when the sample size is large.
This subsequently leads to a significantly large y2 statistic and hence an extremely small p-value if the SNPs under
consideration are causative SNPs. At the same time, the possibility that a reasonably large 2 statistic and a small p-value
can be obtained by chance from a two-SNP unit which is irrelevant to the correct association explanation also inevitably
increases. With the increase in the possibility of erroneous SNP inclusion, the size of output SNP set gets bigger when the
sample size is large. Another observation that appears to be counterintuitive is the reduction in the number of erroneous

4/7/11 9:44 PM



BioMed Central | Full text | Detecting purely epistatic multi-I... http://www.biomedcentral.com/1471-2105/10/294/

SNPs when the total number of SNPs increases. This phenomenon is the result of the Bonferroni correction usage. When the
total number of SNPs is doubled, the Bonferroni correction factor in 2LOmb is quadrupled. A higher correction factor leads to
a more stringent criterion for SNP selection. This subsequently leads to the reduction in the number of erroneous SNPs when
the total number of SNPs is large.

In contrast to the first two parameters, different levels of heritability appear to have no effect on the 2LOmb results because
all simulated data sets have balanced case-control samples and the embedded interaction models have the same
architecture. For instance, a two-locus interaction model leads to zero penetrances for genotypes AABB, AABb, AaBB, Aabb,
aaBb and aabb. Hence, the penetrances for these six genotypes are always equal to zero regardless of the heritability. On
the other hand, genotypes AAbb, AaBb and aaBB have non-zero penetrances (see Methods for details). Therefore, different
heritability levels certainly lead to different penetrances for genotypes AAbb, AaBb and aaBB. However, the ratios between
the penetrances of these three genotypes are fixed and independent of the heritability. This model description can be
generalised to cover the other multi-locus interaction models. In addition, the maximum penetrance in any two-locus or
multi-locus interaction models always stays below 0.1 even though the heritability is at the highest level (see Methods for
details). This means that case samples are always over-sampled from affected individuals to achieve a balanced case-control
data set. Since all explored heritability levels lead to the same case over-sampling pattern, the simulated data sets of which
the only primary difference being the heritability levels are indistinguishable from one another. This leads to the result
similarities in interaction problems with the same number of SNPs in the data set, sample size and number of causative
SNPs but different levels of heritability as shown in Figures 3, 4, 5, 6, 7 and 8. The result trend is also independent of the

number of simulated data sets used in the benchmark trial.

In a permutation test, the ability to differentiate between two p-values is influenced by the number of permutation
replicates. With t permutation replicates, the test declares an actual p-value that is less than 1/t to be zero. During the
progressive search for the best ensemble, the inclusion of a new two-SNP unit is accepted if this inclusion does not worsen
the current result. If the number of permutation replicates is too low, the search may include erroneous two-SNP units that
are irrelevant to the correct association explanation. The analysis is confirmed as the number of output SNPs from 2LOmb is
equal to the number of causative SNPs in most of simulation results. This phenomenon suggests that the number of
permutation replicates employed in this study (t = 10,000) is high enough to screen off most of the erroneous two-SNP
units. In other words, the inclusion of these erroneous two-SNP units leads to an increase in the p-value by at least 1/t.
Nonetheless, the fact that 2LOmb results are not entirely free from erroneous SNPs suggests that there are erroneous
two-SNP units with extremely small p-values. It is advisable to perform a genotype relative risk calculation for the
elimination of erroneous SNPs. If the presence of an erroneous two-SNP unit is suspected, its result on two-locus genotype
relative risk would not be as significant as that from the other two-SNP units in the ensemble. Alternatively, an additional
means for further SNP screening by other techniques such as MDR is also recommended. The chance of erroneous SNP
discovery would be further minimised by employing two consecutive attribute selection techniques. The same concept has
been adopted for the implementation of MDR software, in which many additional filters including a y2 test, an odds ratio test,
ReliefF and TuRF are available for SNP screening prior to the MDR analysis.

The two-, three- and four-locus interaction data sets which have been screened for causative SNPs by 2LOmb are
subsequently subjected to MDR analysis. MDR has successfully identified all erroneous SNPs and the correct interaction
models have been constructed from all data sets. The prediction accuracy from the MDR analysis is illustrated in Figure 9. It
is noted that the prediction accuracy from all data sets is quite high due to the manner in which the pure epistasis model is
defined [42]. Using the penetrance table for a two-locus interaction model with the heritability = 0.01 (see Methods for
details), the two-locus genotype distribution of causative SNPs in a balanced case-control sample set from simulated data
with 800 samples can be estimated and shown in Figure 10.

Figure 9. Prediction accuracy from the MDR analysis. A 10-fold cross-validation strategy is
. applied during the accuracy evaluation. The best MDR model is located by exploring all possible
. SNP combinations. All erroneous SNPs, which are left over after the screening by 2LOmb, have
been successfully identified. All MDR models contain the correct number of causative SNPs. In
addition, the MDR cross-validation consistency is 10/10.

Figure 10. Genotype distribution of two causative SNPs in a balanced case-control
data set with the sample size of 800. 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, Aabb, aaBb and aabb are labelled as protective
genotypes while the cells with genotypes AAbb, AaBb and aaBB are labelled as disease-
predisposing genotypes.

Six genotypes in Figure 10 namely AABB, AABb, AaBB, Aabb, aaBb and aabb are protective genotypes. In other words, a
sample with one of these six genotypes is a control sample because the penetrances for these genotypes are zero. It is also
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noted that the control samples with all nine genotypes precisely follow the distribution as jointly described by independent
single-locus genotype distribution from loci A and B. In contrast, three remaining genotypes in Figure 10 namely AAbb, AaBb
and aaBB are labelled as disease-predisposing genotypes because the majority of samples with these three genotypes are
case samples. Samples with these genotypes may be either case or control samples because the penetrances for these
genotypes are between zero and one. In fact, the probabilities that persons with these genotypes to have the disease are
quite low since the penetrances for these genotypes are small. However, case samples must be over-sampled from affected
individuals to ensure a balanced case-control data set because the disease prevalence for this two-locus interaction model is
only 0.004975. In addition, each case sample must contain one of these three genotypes because the penetrances for the
other genotypes are zero. As a result, the case samples with these genotypes do not follow the same two-locus genotype
distribution as in the control samples. With six genotypes being exclusively specific to control samples and the majority of
three remaining genotypes being found in case samples, the MDR prediction accuracy for the two-locus interaction model is
high. This explanation can also be generalised to cover the MDR results from the other multi-locus interaction data sets.

Another advantage of using 2LOmb for SNP screening prior to the MDR analysis is the reduction in computational time for
interaction detection. The computational time for 2LOmb to finish screening the SNPs is provided to demonstrate this
strength of 2LOmb. Moreover, the computational time required to identify causative SNPs by the MDR analysis and that by
the combined approach which involves SNP screening by 2LOmb and follows by the MDR analysis is given. The previously-
described simulated data sets with causative SNPs are used to produce the computational time results from the SNP
screening by 2LOmb and the combined approach. All possible interaction models that can be constructed from the 2LOmb
outputs are explored by MDR in the combined approach. On the other hand, the data sets for the direct MDR analysis are
prepared by restricting the number of SNPs in each data set to 100. Only SNPs that are irrelevant to the correct association
explanation are removed from the original simulated data sets. Furthermore, MDR only explores the interaction models that
do not cover more than four SNPs in the data for this latter simulation setting. The summary of computational time required
for the SNP screening by 2LOmb and that for both direct MDR and combined approaches to correctly identify all causative
SNPs is given in Table 1. The maximum time required by 2LOmb to screen SNPs in the largest data set is 419 seconds or
approximately seven minutes. Moreover, the combined 2LOmb and MDR approach discovers the correct causative SNPs
much faster than MDR. This time reduction is achieved even though the problems have been simplified for the direct MDR
analysis. A direct application of MDR to the original simulated data sets is certainly impractical.

Table 1. Computational time required by 2LOmb, a combined 2LOmb and MDR approach, and direct MDR analysis
to detect interactions in simulated data sets with different sizes and different numbers of causative SNPs.

The simulated multi-locus interaction problems in this article are based on the pure epistasis model by Culverhouse et al.
[42]. It is possible to capture a number of multi-locus interactions with marginal two-locus effects via a combination of
two-locus analyses. However, there are many multi-locus interaction scenarios without marginal two-locus effects. In such
cases, 2LOmb and the exhaustive two-locus analysis technique are unable to detect interactions. Among the explored
techniques, TuRF and MDR have a better chance of detection. Nonetheless, TuRF functions well only when the total number
of SNPs in data is small and the sample size is large enough while the total number of SNPs in data affects the practicality of
direct MDR analysis.

Every attribute selection technique has a limitation in terms of the maximum numbers of samples and attributes that it can
handle. Single-locus analysis techniques always have a higher limit than multi-locus analysis techniques. Because attribute
subset evaluation is usually integrated into multi-locus analysis techniques, consequently the number of possible attribute
subsets that can be explored is extremely large when the candidate attribute set is large. Together with a potentially large
sample size, a higher computational requirement for multi-locus analysis techniques is inevitable. As a result, the direct
application of multi-locus analysis techniques to a much larger data set than those presented in this article, which is usually
considered in genome-wide association studies, would be impractical. However, it is reasonable to expect that both marginal
single-locus and epistatic effects are present in any genome-wide data sets. A multi-stage strategy that incorporates
multiple techniques, designed for different detection modes, would be more suitable to handle large data. For instance, the
marginal single-locus effects should be the first priority and, as such, be detected by single-locus analysis. Then, a special
case of pure epistasis [2] or semi-purely epistatic events, in which a SNP displaying a marginal single-locus effect interacts
with a SNP that exhibits no marginal single-locus effect, should be considered. Many two-locus analysis techniques have
been proven to be well suited to this type of epistasis [40,50,51]. Finally, the detection of pure epistasis is carried out in the
last stage. With the reduction of SNPs from the first stage, the chance that some multi-locus analysis techniques are
applicable to the remaining SNPs increases. In addition to the multi-stage approach, a prior knowledge regarding the
previously reported association can be exploited to select candidate genes based upon ontology and pathways. This practice
is due to the necessity for the derivation of plausible interpretation. The screening for SNPs within or near candidate genes
before the association detection also increases the chance that multi-locus analysis techniques can be applied to the
remaining data.

Testing with real data
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2LOmb has been applied to study a type 2 diabetes mellitus (T2D) data set, collected and investigated by the Wellcome
Trust Case Control Consortium (WTCCC) [3]. The data set consists of 1,999 case samples from affected individuals in the UK
and 3,004 control samples, which are the results of a merging between 1,500 samples from the UK blood services and 1,504
samples from the 1958 British birth cohort. The original genome-wide data set contains 500,568 SNPs that are obtained
through the Affymetrix GeneChip 500 K Mapping Array Set. The SNP set is primarily reduced by screening for SNPs within
and near 372 candidate genes collected by the Human Genome Epidemiology Network (HuGENet) [62]. These candidate
genes cover genes from both positive and negative genetic association reports, in which studies are conducted in various
ethnic groups and populations. The SNP set is further reduced by removing SNPs that exhibit strong evidence of genetic
association via single-locus analysis. The final SNP set contains 7,065 SNPs from 370 candidate genes. All SNPs in the
reduced data set exhibit no marginal single-locus effects (Bonferroni-corrected y2's p-value > 0.05). Detailed description of
the final SNP set is given in the supplement (see Additional file 1).

Additional file 1. List of SNPs for the association study of T2D. This Excel spreadsheet file contains the
information about 7,065 SNPs which are explored during the genetic association study of T2D. Bonferroni-corrected
and uncorrected y2's p-values from single-locus analyses are also provided.

Format: XLS Size: 847KB Download file

This file can be viewed with: Microsoft Excel Viewer

The 2LOmb search in the reduced T2D data set takes 3,456 seconds (57.6 minutes) of computational time on the Beowulf
cluster. The possible genetic association is detected from 11 intronic SNPs in four genes (global p-value < 0.0001). Details of
these SNPs, the two-SNP units that exhibit marginal two-locus effects and the identified genes are given in Table 2. A
two-SNP unit is located in LMX1A. A two-SNP unit is also detected in PARK2. In addition, there is one SNP in common among
SNPs in both GYS2 two-SNP units. Similarly, there is one common SNP among three two-SNP units located in PGM1.
Nonetheless, a two-SNP unit in which each SNP is located in a different gene is absent, indicating that there is no evidence
of gene-gene interactions which can be observed from the 2LOmb result. Linkage disequilibrium (LD) analysis is
subsequently performed using a JLIN package [63] and the resulting LD patterns are illustrated in Figure 11. It is noted that
there is strong LD among SNPs within each gene due to high values of D' [64] and r2 [65]. The genotype and haplotype
carried out using an expectation-maximisation method [66]. The analysis reveals that a more prominent indication of a
relative risk is observed when two-SNP units are considered. It is also noted that the genotype relative risk is directly
influenced by the haplotype relative risk once a genotype is phased into all possible haplotype pairs. The detection of these
two-SNP units is thus believed to be the consequence of haplotype effects. An early T2D association study also reveals
similar haplotype effects in FUSION data [67]. Next, an interaction dendrogram [68,69] constructed from the 11 SNPs by
MDR software is given in Figure 12. A strong synergistic effect between the two SNPs in PARK2 is clearly observed. In
contrast, the interactions between PGM1, LMX1A, PARK2 and GYS2 are clearly absent.

e ™ Figure 11. Linkage disequilibrium (LD) patterns of SNPs in PGM1, LMX1A, PARK2 and
u I ) 5 i GYS2. LD is explained via D' displayed in the upper triangle and r2 displayed in the lower
i : triangle. Dark colours indicate high values while pale colours indicate low values. Distances
between SNPs are given in terms of the number of base pairs. SNP1 = rs2269241, SNP2 =

T rs2269239, SNP3 = rs3790857, SNP4 = rs2269238, SNP5 = rs2348250, SNP6 = rs6702087,
-. i : q i SNP7 = rs1893551, SNP8 = rs6924502, SNP9 = rs6487236, SNP10 = rs1871142 and SNP11 =
' ) rs10770836.

- Figure 12. Interaction dendrogram produced from 11 SNPs that are chosen by
— 2LOmb. The colours in the dendrogram comprise a spectrum of colours representing a
—— = transition from synergy to redundancy. Synergy denotes the situation in which the
entropy-based interaction between two SNPs provides more information than the entropy-based
correlation between the pair. Redundancy refers to the situation in which the entropy-based interaction between
two SNPs provides less information than the entropy-based correlation between the pair [7].
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Since many early genetic association studies of T2D and metabolic syndrome employ MDR analysis [43-45,47], additional
MDR analysis would be useful for the comparison. The screened T2D case-control data set which contains 11 SNPs identified
by 2LOmb is further subjected to MDR analysis. The prediction accuracy of the best MDR model is summarised in Table 11.
The model covers six SNPs in three genes: PGM1, PARK2 and GYS2. These SNPs are also present in three two-SNP units
identified by 2LOmb. It is noted that the prediction accuracy in this real data set is much less than that from the simulated
data sets. Nevertheless, the attainment of low prediction accuracy does not necessarily suggest that there is no genetic
association. Early works involving genetic association studies of T2D and metabolic syndrome in various populations via MDR
analysis produce similar values of prediction accuracy as summarised in Table 12. The prediction accuracy by MDR from most
studies is in the range of 0.5-0.6. The only genetic association study of T2D that the prediction accuracy is distinctively high
is conducted in a Korean population [43]. Differences in genetic background, candidate genes and selected SNPs are the
main causes of variation in the genetic association results. Although MDR does not select five SNPs from the 2LOmb output,
these SNPs should not be regarded as erroneous SNPs because there is strong linkage disequilibrium among SNPs in each
gene. Moreover, early genotype and haplotype relative risk analysis clearly indicates that each gene, identified by 2LOmb,
plays a role in the T2D association explanation. Overall, the analysis with the methods above only confirms the positive
association for PGM1, LMX1A, PARK2 and GYS2 while gene-gene interactions are clearly absent. This signifies that, for the
current study, there is no interaction between each pair of the identified genes that can be described by purely epistatic
two-locus interaction models. In addition, there are no interactions between these four genes that can be described by
purely epistatic multi-locus interaction models with marginal two-locus effects.

Table 12. Summary of prediction accuracy by MDR from early genetic association studies of T2D in a Korean
population, a Han Chinese population from Taiwan, a female population from the US, and that from an early
genetic association study of metabolic syndrome in an Italian population from the Centre East Coast Italy.

The four genes selected by 2LOmb regulate many pathways that involve in the disease development [70-72]. The genetic
association studies involving these genes have been previously conducted in different populations. For instance, LMX1A has
been chosen as a positional and biological candidate gene for a case-control study of T2D in Pima Indians [73]. This gene is
chosen as a candidate because a linkage of T2D to chromosome 1921-¢g23 has been previously reported [74]. In addition,
LMX1A is one of LIM homeobox genes that are expressed in pancreas and has been shown to activate insulin gene
transcription. Although SNPs have been carefully selected from the entire gene, no association between these SNPs in
LMX1A and T2D has been found in this ethnic group.

PARK2 is another candidate gene that is also selected for case-control studies, based on evidence from genome-wide linkage
analysis [75]. A linkage of T2D in an African American population to chromosome 6q24-q27 has been previously identified
[76]. Although PARK2 mainly involves in the development of Parkinson's disease, single-locus analysis reveals strong
evidence of association between SNPs, which are in the vicinity of SNPs identified by 2LOmb, and T2D in African Americans.

In contrast to LMX1A and PARK2, which are candidate genes in typical T2D case-control studies, GYS2 is considered in a
study to identify genes responsible for troglitazone-associated hepatotoxicity in Japaneses with T2D [77]. In other words,
both case and control samples in the study are drawn from troglitazone-treated T2D patients, in which case patients exhibit
an abnormal increase in alanine transaminase (ALT) and aspartate transaminase (AST) levels. GYS2 regulates starch and
sucrose metabolism and an insulin signalling pathway. The selected SNPs in GYS2 are not found to associate with
troglitazone-induced hepatotoxicity.

Similar to the study of GYS2, the association study involving PGML1 is not carried out as a typical T2D case-control study. In
fact, an attempt to identify association between PGM1 polymorphisms and obesity has been conducted among T2D affected
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individuals in Italy [78]. PGM1 regulates glycolysis and gluconeogenesis, starch and sucrose metabolism, galactose
metabolism, a pentose phosphate pathway, and streptomycin biosynthesis. Isozyme polymorphisms [79,80], which are
defined through structural differences in PGM1 protein, are used instead of SNPs in the study where positive association is
identified.

In summary, positive association has been reported from previous studies involving PARK2 in African Americans and PGML1 in
Italians. In contrast, negative association has been reported from previous studies about LMX1A in Pima Indians and GYS2 in
Japaneses. Both GYS2 and PGML1 regulate starch and sucrose metabolism while LMX1A and PARK2 govern insulin gene
transcription and Parkinson's disease development, respectively. The above discussion strengthens the importance of
conducting large-scale association studies due to two main reasons. Firstly, a gene that does not contribute to the aetiology
of a complex disease in one population may be important for association explanation in another population. Secondly, the
absence of interacting candidate genes from a study may lead to negative association due to a lack of necessary genetic
information. A two-locus interaction can occur between SNPs from genes that regulate one specific pathway [44] or between
SNPs from genes that regulate different pathways [45]. Furthermore, a multi-locus interaction may involve both SNPs from
genes that regulate the same pathway and SNPs from genes that govern different pathways. Hence, candidate genes should
be selected by considering all pathways that directly and indirectly contribute to the disease development.

This study produces evidence of association between 11 intronic SNPs in PGM1, LMX1A, PARK2 and GYS2, and T2D in a UK
population. Although there are other independent genome-wide T2D data sets, the association detection within these data
using a similar methodology to the presented method has never been attempted because the methodology employed in the
majority of genome-wide association studies is based on single-locus analysis [3,81]. It is recalled that each SNP explored in
the reduced T2D data set exhibits no marginal single-locus effect. Hence, the most logical approach to confirm the possibility
of replicating association results from the current study is to perform the same detection method on these independent data
sets. This is certainly important to gain further understanding of the genetic role in T2D susceptibility.

Implementation

2LOmb is implemented in a C programming language. All functions within the program are written by the first author except
the x2 distribution function, which is taken from the Numerical Recipes in C [82]. The program can be compiled by Microsoft
Visual Studio and GNU C compilers. The program has been successfully tested for the execution under Windows and Linux

n
operating systems. The time required by 2LOmb to complete a problem containing n attributes is T (n) = [2] =nl/((n -

2)!121) = n(n - 1)/2. 2LOmb thus has the order of n2 time complexity (T (n) € O(n2)). Consequently, 2LOmb can tackle
problems in quadratic time. 2LOmb in its present form occupies one processor during the program execution. A parallel
version of 2LOmb for genome-wide data is under development. All results included in the study are collected from the
execution of computer programs in a Beowulf cluster. The computational platform consists of 12 nodes. Each node is
equipped with dual Xeon 2.8 GHz processors and 4GB of main memory. The Rocks Cluster Distribution is installed on all
nodes.

Conclusion

In this article, a method for detecting epistatic multi-locus interactions in case-control data is presented. The study focuses
on pure epistasis [2], which cannot be detected via single-locus analysis [42]. To overcome this difficulty, the proposed
method performs an omnibus permutation test [54] on ensembles of two-locus analyses and is thus referred to as 2LOmb.
The detection performance of 2LOmb is evaluated using both simulated and real data. From the simulation, 2LOmb produces
a low false-positive error when the tests on null data of no association are performed. Furthermore, 2LOmb can identify all
causative SNPs and outperforms a simple exhaustive two-locus analysis technique, a set association approach (SAA) [11], a
correlation-based feature selection (CFS) technique [14] and a tuned ReliefF (TuRF) technique [16] in various interaction
scenarios with marginal two-locus effects. These scenarios are set up by varying the number of causative SNPs, the number
of SNPs in data, the sample size and the heritability. ANOVA reveals that the number of SNPs in data and the sample size
influence the number of erroneous SNPs appended to the correctly-identified causative SNPs in the 2LOmb output. In
contrast, the results from 2LOmb appear to be insensitive to the variation in heritability. After subjecting the data sets
containing only SNPs that are screened by 2LOmb to multifactor dimensionality reduction (MDR) analysis [19], all erroneous
SNPs are successfully removed. In addition, an insight into the MDR models is provided. 2LOmb is subsequently applied to a
real case-control type 2 diabetes mellitus (T2D) data set, which is collected from a UK population by the Wellcome Trust
Case Control Consortium (WTCCC) [3]. The original genome-wide data set is first reduced by selecting only SNPs that locate
within or near 372 candidate genes reported by the Human Genome Epidemiology Network (HUGENet) [62]. In addition, the
selected SNPs must exhibit no marginal single-locus effects. The final data set, which consists of 1,999 case samples and
3,004 control samples, contains 7,065 SNPs from 370 candidate genes. 2LOmb identifies 11 intronic SNPs that are
associated with the disease. These SNPs are located in PGM1, LMX1A, PARK2 and GYS2. The 2LOmb result suggests that
there is no interaction between each pair of the identified genes that can be described by purely epistatic two-locus
interaction models. Moreover, there are no interactions between these four genes that can be described by purely epistatic

1397 24 4/7/11 9:44 PM



BioMed Central | Full text | Detecting purely epistatic multi-I... http://www.biomedcentral.com/1471-2105/10/294/

multi-locus interaction models with marginal two-locus effects. This evidence of genetic association for these four genes
leads to an alternative explanation for the aetiology of T2D in the UK population. It also implies that SNPs from
genome-wide data which are usually discarded after single-locus analysis confirms the null hypothesis of no association can
still be useful for genetic association studies of complex diseases.

Methods

Pure epistasis model

The pure epistasis model of interest is proposed by Culverhouse et al. [42]. The model describes a restriction or constraint
for penetrance of each genotype constituting the interaction model. Consider a two-locus model that captures an interaction
between loci A and B, let A and a be the major (common) and minor (rare) alleles at locus A. Similarly, let B and b be the
major and minor alleles at locus B. At each locus, the genotype is represented by characters O, 1 or 2 where O denotes a
homozygous wild-type genotype (AA and BB), 1 denotes a heterozygous genotype (Aa and Bb) and 2 denotes a homozygous
variant or homozygous mutant genotype (aa and bb). f;; € [0, 1] is defined as the disease penetrance of the two-locus
genotype ij that consists of genotype i at locus A and genotype j at locus B. The marginal penetrances Mp; for genotype i at
locus A and Mg;j for genotype j at locus B are given by

and

where pa and pg are the major allele frequencies. Equations 4 and 5 are usually represented by a penetrance table as
illustrated in Table 13. The two-locus interaction model is a pure epistasis model if

Mg = Mgy = K, ¥, j €{0,1,2},

where K is the disease prevalence. Obviously, many combinations of penetrance fj; satisfy the condition given in equation 6.
Culverhouse et al. [42] suggest that a pure epistasis model with the maximum heritability is particularly useful in association
studies. The heritability (h2) of the two-locus interaction model is defined by

h% =V vy,

where V1 = K(1 - K) is the total variance of the dichotomous phenotypes in the population and V| is the epistatic variation
attributable to the genotypes. V, is defined by

The search for feasible penetrance fj; that also maximises the heritability or other variance-based objectives can be treated
as a constraint optimisation problem. Many algorithms including a double description method [42] and a genetic algorithm
[83] have been proven to be suitable for the task.

Culverhouse et al. [42] have identified the maximum heritability of purely epistatic two-locus and multi-locus interaction
models for various values of disease prevalence. For instance, the maximum heritability of a two-locus interaction model for
pa = pg = 0.5 with the penetrances in Table 14 is

When a two-locus interaction model is expanded into a multi-locus interaction model, the marginal penetrance equality
constraint must be extended to cover all loci. Furthermore, the expression for V| must also be expanded to cover additional

genotypes while the expression for V1 remains unchanged. With the necessary model expansion, the maximum heritability of
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a three-locus interaction model for pp = pg = pc = 0.5 with the penetrances in Table 15 is given by

Table 15. Three-locus penetrances that lead to the maximum heritability hz (K) = 9K/(1 - K) for K € (O,

max

Similarly, the maximum heritability of a four-locus interaction model for pp = pg = pc = pp = 0.5 with the penetrances in
Table 16 is

Table 16. Four-locus penetrances that lead to the maximum heritability hz (K) = 35K/(1 - K) for K € (O,

max

Additional details about the maximum heritability and the corresponding two-locus and multi-locus penetrance tables for
other values of disease prevalence can be found in Culverhouse et al. [42]. In this article, the simulated data sets are
generated to achieve the maximum heritability of 0.01, 0.025 and 0.05. The values of disease prevalence that lead to the
target heritability for two-, three- and four-locus interaction models are given in Table 17.

Table 17. Disease prevalence that gives the target maximum heritability of 0.01, 0.025 and 0.05 for two-, three-
and four-locus interaction models.

genomeSIM

genomeSIM is a simulation package for generating case-control samples in large-scale and genome-wide association studies
[60]. The package is capable of producing many realistic scenarios, which can be observed in a population and genetic
samples, including linkage disequilibrium, phenocopy and genotyping errors. The case/control status of each sample is
determined from the penetrance-based genetic models or interaction models. As a result, the package can accommodate
many epistasis models including the one proposed by Culverhouse et al. [42]. A data set can be produced via two modes: a
population-based simulation and a probability-based simulation. In the population-based simulation, an initial population is
generated according to the predefined allele frequency of each SNP. Then further generations are created by crossing the
genotype strings within successive generations until the specified number of generations is reached. The resulting data set
contains a population-dependent case and control samples that follow a forward-time simulation strategy. In contrast,
genotype strings are incrementally generated without any string crossing for only one generation in the probability-based
simulation. The creation of new strings is terminated only when the desired numbers of case and control samples are
obtained. In this study, the probability-based simulation is used to produce all case and control samples where the
simulation parameter setting is given in the supplement (see Additional file 2). genomeSIM is available upon request to Scott
M. Dudek at the Vanderbilt University dudek@chgr.mc.vanderbilt.edu.

Additional file 2. genomeSIM parameters. This text file contains an example of parameter setting in the
genomeSIM simulation package.

Format: TXT Size: 2KB Download file

Set association approach

A set association approach (SAA) is an association detection technique based on an omnibus permutation test on sets of
candidate SNPs [11]. The test captures information about genotyping errors, deviation from Hardy-Weinberg equilibrium
(HWE) and allelic association. In the first step, the genotype distribution for each SNP in the control samples is checked for
HWE. Then, the number of SNPs that is to be excluded from the study (ng) is set to the number of SNPs in the control
samples that deviate from HWE. Two test statistics are subsequently calculated for each SNP: an allelic association statistic
and a statistic for the deviation from HWE of each SNP in the case samples. The allelic association statistic is a y? statistic
which is calculated from the contingency table of alleles or genotypes with disease status. On the other hand, a 2 statistic
for the deviation from HWE of each SNP in the case samples indicates the level of association. A large deviation from the
equilibrium usually signifies strong association between a SNP and the disease. However, an excessively large deviation may
be the result of genotyping errors. ng SNPs with largest test statistics for the deviation from HWE are hence excluded from
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the consideration.

The test statistics for the allelic association and deviation from HWE are multiplied together to form a single S statistic for
each remaining SNP. SNPs are then ranked according to their S statistics. A preset number of SNPs with highest ranks are
considered for association. The first candidate SNP set contains only the SNP with the highest rank (the highest S statistic).
The p-value for this first set is determined from a permutation simulation where the case and control labels are randomly
permuted while the numbers of case and control samples remain unchanged. In each permutation replicate, a new genotype
contingency table is constructed and a new S statistic is subsequently obtained. The p-value is given by the fraction of
permutation replicates with an S statistic greater than or equal to the S statistic from the original data. The second
candidate SNP set consists of the first two SNPs in the rank list. The test statistic for this SNP set is the sum of S statistics
from both SNPs. The p-value for the second candidate SNP set is also obtained through the permutation simulation. By
progressively adding the remaining SNP with the highest rank to the previously considered candidate set and performing the
permutation simulation, p-values for all candidate SNP sets are estimated. The sizes of candidate SNP sets have the range of
one to the preset number. Among all candidate sets, the SNP set that best describes genetic association has the lowest
p-value.

Since multiple hypotheses are postulated during the construction of candidate SNP sets, the global p-value for the selected
candidate set must be evaluated. This is achieved through a permutation simulation in which the current raw p-value for the
chosen candidate set is now used as the test statistic. The existing permutation replicates, created for the early estimation
of the raw p-value, can be reused and a nested permutation simulation is hence avoided. In this study, the maximum
allowable size of the candidate SNP set is the total number of available SNPs while the number of permutation replicates for
p-value evaluation is set to 10,000. The allelic association statistic employed in the study is the y2 statistic that is obtained
through the contingency table of genotypes with disease status. A PASCAL program for the set association approach can be
obtained from the website for S statistic in gene mapping [84].

Correlation-based feature selection technique

A correlation-based feature selection (CFS) technique [14] is an attribute (SNP) subset evaluation heuristic that considers
both the usefulness of individual features (SNPs) in the (case-control) classification task and the level of inter-correlation
among features. Each attribute subset is assigned a score given by

where Meritg is the heuristic merit of an nc-attribute subset F, F ¢ is the average feature-class correlation and F ¢ is the
average feature-feature inter-correlation. An attribute subset receives a high merit score if it contains features that are
highly correlated with the class and at the same time have low inter-correlation among one another. An application of a
best-first search for the best subset identification is carried out to avoid searching through all possible attribute subsets. CFS
has been integrated into a Weka package [85,86].

Tuned ReliefF

A tuned ReliefF (TuRF) algorithm is a ranking algorithm for identifying genetic markers which are important in case-control
classification [16]. TuRF is built on a ReliefF engine [15]. ReliefF randomly picks a sample from the (case-control) data and
identifies its ni nearest neighbours from the same class and another ny nearest neighbours from the opposite class. The
attribute values--the genotypes in this application--of the neighbour samples are compared to that of the randomly picked
sample and are subsequently used to update the relevance score for each attribute (genetic marker). This process is
repeated for a specified number of samples, which is limited by the total sample size. The rationale of ReliefF is that an
attribute which is important for the classification should have different values for samples from different classes and have
the same value for samples from the same class. The relevance score of an attribute have a range from -1 (not relevant) to
+1 (highly relevant). TuRF exploits the capability of ReliefF by repeatedly executing ReliefF and removing a portion of worst
attributes at the end of each execution. This leads to the reevaluation of remaining attributes and, hence, reduces the
effects of attribute noise on the attribute screening. In this study, the number of repetitions for random sample picking in
the ReliefF part is equal to the total number of case-control samples while the neighbourhood size (ny) for the relevance
score calculation is set to ten. Furthermore, the worst 1% of SNPs is removed at the end of each ReliefF iteration (TuRF 1%0).
TuRF has been integrated into the current distribution of multifactor dimensionality reduction (MDR) software.

Multifactor dimensionality reduction

A multifactor dimensionality reduction (MDR) method is a wrapper-based technique that is capable of identifying the best
genetic marker combination among possible markers for the separation between case and control samples [19]. Similar to
other wrapper-based methods, an ns -fold cross-validation technique provides a means to determine the prediction accuracy
of the candidate marker model. Basically, the combined case and control samples are randomly divided into nf folds where ng¢
- 1 folds of samples are used to construct a decision table while the remaining fold of samples is used to identify the
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prediction capability of the constructed decision table. The decision table construction and testing procedure is repeated n¢
times. Hence, the samples in each fold are always used both to construct and to test the decision table. The number of cells
in a decision table is given by 7. where n.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 provides the decision for each cell
whether the corresponding genotype is a protective or disease-predisposing genotype. An example of decision table
construction is illustrated in Figure 13.

s 8t Figure 13. An MDR decision table that is constructed using a balanced case-control

an|  m . data set with the sample size of 800. The genotype of each sample is determined from two
s : ’ SNPs. The table consists of nine cells where each cell represents a unique genotype. The left

A ‘ I_‘_”I_. = (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, AaBB
PR and aaBB are labelled as protective genotypes while the cells with genotypes AaBb, Aabb, aaBb

and aabb are labelled as disease-predisposing genotypes.

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 correctly be identified using the constructed decision rules. The process of
decision table construction and evaluation must be cycled through all or some of possible 57m - 1 combinations where np, is

the total number of available markers in the study. The best genetic marker combination is determined from two criteria:
prediction accuracy and cross-validation consistency. Each time that a testing fold is used for the prediction accuracy
determination, the accuracy of the interesting marker combination model is 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 number of markers has high cross-validation consistency. Prediction accuracy is the main criterion for decision making
while cross-validation consistency is only used as an auxiliary measure. Cross-validation consistency generally confirms that
the high rank model can consistently be identified regardless of how the samples are divided for cross-validation. In a
situation where two or more models with different number of markers are equally good in terms of prediction accuracy and
cross-validation consistency, the most parsimonious model--the combination with the least number of markers--is chosen as
the best model.

After the best model has been selected, a permutation test is used to assess the probability of obtaining prediction accuracy
that is at least as large as or larger than that observed in the original data from randomised data. This represents the
probability that the null hypothesis of no association is true. Each permutation replicate is constructed by randomly assigning
the case/control status to each sample with the numbers of case and control samples remaining fixed. MDR analysis is
subsequently carried out to obtain the prediction accuracy of each permutation replicate. The empirical p-value is denoted by
the fraction of permutation replicates with the prediction accuracy greater than or equal to the prediction accuracy obtained
from the original data. MDR software, which incorporates many additional features including interaction visualisation via
dendrograms and genetic marker screening via a y2 test, an odds ratio test, ReliefF and TuRF, is available from its homepage

[(871.

JLIN

JLIN or a Java LINkage disequilibrium plotter is a computer program for visualisation of linkage disequilibrium analysis [63].
The program is capable of displaying many statistical measures including D' [64] and r2 [65]. The program is publicly
available from the Centre for Genetic Epidemiology and Biostatistics, University of Western Australia [88].

Interaction dendrogram

An interaction dendrogram is a graphical tool for the visualisation of relationships among attributes (SNPs) [68,69]. The
interaction dendrogram is constructed via hierarchical clustering analysis and is embedded into MDR software [87]. The
dendrogram illustrates the entropy-based interaction between attributes by displaying interacting or related attributes
closely together as adjacent leaves in a tree. At the same time, independent attributes are placed far apart from one
another. In addition, the conclusion regarding whether the interaction between attributes is synergistic or redundancy is
present can be deduced.

Availability and requirements

The 2LOmb program for Windows platforms and examples of simulated data are available at http://code.google.com
/p/nachol/w/list | webcite |-

List of abbreviations
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2LOmb: omnibus permutation test on ensembles of two-locus analyses; ALT: alanine transaminase; ANOVA: analysis of
variance; AST: aspartate transaminase; CFS: correlation-based feature selection; Cl: confidence interval; CVC: cross-
validation consistency; DIO2: deiodinase, iodothyronine, type Il; E2LA: exhaustive two-locus analysis; EGFR: epidermal
growth factor receptor (erythroblastic leukemia viral (v-erb-b) oncogene homolog, avian); FAMHAP: software for single-
marker analysis and joint analysis of unphased genotype data from tightly linked markers (haplotype analysis); FUSION:
Finland-United States Investigation of NIDDM Genetics; genomeSIM: simulation package for generating case-control
samples in large-scale and genome-wide association studies; GYS2: glycogen synthase 2 (liver); HNF4A: hepatocyte nuclear
factor 4, alpha; HUGENet: Human Genome Epidemiology Network; HWE: Hardy-Weinberg equilibrium; JLIN: Java LINkage
disequilibrium plotter; KCNJ11: potassium inwardly-rectifying channel, subfamily J, member 11; LD: linkage disequilibrium;
LIM domains: protein structural domains that are named after their initial discovery in the proteins Lin11, Isl-1 and Mec-3;
LMX1A: LIM homeobox transcription factor 1, alpha; MDR: multifactor dimensionality reduction; NIDDM: noninsulin-
dependent diabetes mellitus; PARK2: Parkinson disease (autosomal recessive, juvenile) 2, parkin; PGM1:
phosphoglucomutase 1; PPARG: peroxisome proliferator-activated receptor gamma; RXRG: retinoid X receptor, gamma;
SAA: set association approach; SNP: single nucleotide polymorphism; T2D: type 2 diabetes mellitus; TuRF: tuned ReliefF;
UCP2: uncoupling protein 2 (mitochondrial, proton carrier); Weka: Waikato environment for knowledge analysis; WTCCC:
Wellcome Trust Case Control Consortium.
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Abstract

Background: Purely epistatic multi-locus interactions cannot generally be detected via single-
locus analysis in case-control studies of complex diseases. Recently, many two-locus and multi-
locus analysis techniques have been shown to be promising for the epistasis detection. However,
exhaustive multi-locus analysis requires prohibitively large computational efforts when problems
involve large-scale or genome-wide data. Furthermore, there is no explicit proof that a
combination of multiple two-locus analyses can lead to the correct identification of multi-locus
interactions.

Results: The proposed 2LOmb algorithm performs an omnibus permutation test on ensembles of
two-locus analyses. The algorithm consists of four main steps: two-locus analysis, a permutation
test, global p-value determination and a progressive search for the best ensemble. 2LOmb is
benchmarked against an exhaustive two-locus analysis technique, a set association approach, a
correlation-based feature selection (CFS) technique and a tuned ReliefF (TuRF) technique. The
simulation results indicate that 2LOmb produces a low false-positive error. Moreover, 2LOmb has
the best performance in terms of an ability to identify all causative single nucleotide polymorphisms
(SNPs) and a low number of output SNPs in purely epistatic two-, three- and four-locus interaction
problems. The interaction models constructed from the 2LOmb outputs via a multifactor
dimensionality reduction (MDR) method are also included for the confirmation of epistasis
detection. 2LOmb is subsequently applied to a type 2 diabetes mellitus (T2D) data set, which is
obtained as a part of the UK genome-wide genetic epidemiology study by the Wellcome Trust Case
Control Consortium (WTCCC). After primarily screening for SNPs that locate within or near 372
candidate genes and exhibit no marginal single-locus effects, the T2D data set is reduced to 7,065
SNPs from 370 genes. The 2LOmb search in the reduced T2D data reveals that four intronic SNPs
in PGM| (phosphoglucomutase 1), two intronic SNPs in LMX/A (LIM homeobox transcription
factor I, alpha), two intronic SNPs in PARK2 (Parkinson disease (autosomal recessive, juvenile) 2,
parkin) and three intronic SNPs in GYS2 (glycogen synthase 2 (liver)) are associated with the
disease. The 2LOmb result suggests that there is no interaction between each pair of the identified
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genes that can be described by purely epistatic two-locus interaction models. Moreover, there are
no interactions between these four genes that can be described by purely epistatic multi-locus
interaction models with marginal two-locus effects. The findings provide an alternative explanation

for the aetiology of T2D in a UK population.

Conclusion: An omnibus permutation test on ensembles of two-locus analyses can detect purely
epistatic multi-locus interactions with marginal two-locus effects. The study also reveals that SNPs
from large-scale or genome-wide case-control data which are discarded after single-locus analysis
detects no association can still be useful for genetic epidemiology studies.

Background

Complex diseases cannot generally be explained by Men-
delian inheritance [1] because they are influenced by
gene-gene and gene-environment interactions. Many
common diseases such as asthma, cancer, diabetes, hyper-
tension and obesity are widely accepted and acknowl-
edged to be results of complex interactions between
multiple genetic factors [2]. Attempts to identify factors
that could be the causes of complex diseases have led to
many genome-wide association studies [3,4]. Raw results
from these attempts produce a large amount of single
nucleotide polymorphism (SNP) data from every individ-
ual participating in the trials.

For genetic epidemiologists, data sets from genome-wide
association studies present many challenges, particularly
the correct identification of SNPs that associate with the
disease of interest from all available SNPs [5]. This chal-
lenge can be treated as a pattern recognition problem
which aims to identify an attribute or SNP set that can
lead to the correct classification of recruited samples. Hei-
dema et al. [5] and Motsinger et al. [6] have reviewed and
identified many machine learning techniques that are
suitable to the task. Among many strategies and tech-
niques, the protocol that appears to be most promising for
genome-wide association studies involves two main steps:
SNP set reduction and classification model construction
[7]. From a machine learning viewpoint, attribute selec-
tion techniques can be divided into three main categories:
filter, wrapper and embedded approaches [8]. In a filter
approach, a measure or an index is used to determine the
correlation between attributes and classes, e.g. affected
and unaffected status in a case-control study. Attributes
that are deemed to be important for the classification
according to the measure are then selected. The filter
approach includes 2 and odds ratio tests [9,10], omnibus
permutation tests [11-13], a correlation-based feature
selection technique [14], a ReliefF technique [15] and a
tuned ReliefF technique [16]. In a wrapper approach, the
significance of an attribute subset is evaluated from the
classification performance by a classifier. The capability of
the wrapper approach to identify significant attributes
thus depends on the chosen classifier and the search algo-
rithm for the identification of the best attribute subset.

Combinatorial [17] and restricted partitioning methods
[18], a multifactor dimensionality reduction method [19-
25] and a polymorphism interaction analysis technique
[26] are examples of the wrapper approach. An embedded
approach concentrates on informative attributes during
the construction of a classification model. Examples of the
embedded approach include a genetic algorithm with
Boolean algebra [27], genetic programming based deci-
sion trees [28,29], random forests [30-32] and evolution-
ary neural networks [33,34]. Based on this categorisation,
classification models are not direct outputs from filter-
based techniques. On the other hand, classification mod-
els are readily prepared as outputs from the wrapper and
embedded approaches. In other words, the last two
approaches can also be regarded as classification model
construction techniques.

The success of the two-step pattern recognition approach
relies heavily on the attribute selection step [14]. In case-
control studies, epistatic effects play a vital role in estab-
lishing the difficulty level of SNP screening problems
[35,36]. Epistasis in the simplest form can be represented
by disease models that require genotype inputs from two
interacting SNPs [37,38]. Many attempts have been made
to produce consistent definitions and categorisation of
different types of epistasis models [2,35,39-41]. Accord-
ing to Musani et al. [2], a pure epistasis model [42] is dif-
ficult because each SNP exhibits no marginal single-locus
effect in the model. As a result, it is impossible to detect
the pure epistasis by univariate statistical tests. Examples
of complex diseases that case-control studies have uncov-
ered putatively pure epistasis include type 2 diabetes mel-
litus (T2D) [43-46] and metabolic syndrome [47]. Due to
the difficulty of screening for each SNP independently, it
is suggested that attention should be focused on the anal-
ysis of differences between two-locus genotype distribu-
tion within case and control groups [40] and multi-locus
Bayesian statistical analysis [48,49].

A number of SNP screening and association detection
techniques have adopted the two-locus genotype moni-
toring strategy as their core engines [40,50-52]. The search
for interactions can be carried out via either exhaustive
analysis [52] or the analysis that can be divided into two
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stages, incorporating single-locus analysis for the pre-
screening purpose [40,50,51]. In the two-stage mode, at
least one SNP that involves in the construction of two-
locus genotype unit must be a strong candidate for the
association explanation, usually verified through univari-
ate statistical tests. Each mode of the two-locus analysis
possesses different strengths and weaknesses. The exhaus-
tive analysis has a full capability of detecting pure epistasis
but requires larger computational efforts [52]. In contrast,
the two-stage analysis is more practical for large-scale data
but with some risk of missing possible pure epistasis [50].
More practical usage of both two-locus analysis modes in
real case-control studies is required before the feasibility
issue can be fully addressed.

Many genetic association studies reveal that various com-
plex diseases are results of putative multi-locus interac-
tions [11,46,53]. With the constraints on a computational
capability, exhaustive multi-locus analysis in large-scale
or genome-wide association studies would be infeasible
[52]. On the other hand, single-locus analysis would be
unsuitable for the detection of pure epistasis. One possi-
ble approach that provides a trade-off between a compu-
tational limitation and an epistasis detection capability is
to capture a multi-locus interaction by combining multi-
ple results from two-locus analysis. To achieve this, it is
necessary to prove that once a multi-locus interaction
model is broken down into a combination of two-locus
models, all or some of these models remain detectable
through two-locus analysis. Although it is hinted in an
early work on two-locus analysis [52] that the proposed
approach is plausible, explicit experimentation and test-
ing has never been conducted.

In this article, the feasibility of employing an ensemble of
two-locus analyses for the multi-locus interaction deter-
mination is demonstrated. Specifically, the significance of
the two-locus analysis ensemble is assessed by an omni-
bus permutation test [54]. The proposed method is
inspired by a set association approach [11], in which a
limited number of sets that contain different numbers of
SNPs are explored for possible association. These SNP sets
are crucial in the global p-value calculation of the selected
set via a permutation test and thus the decision to accept
or reject the null hypothesis of no association. In other
words, SNP set exploration and selection is required to
assess the significance of the identified association. This
means that the set association approach is equally inter-
ested in both SNP set selection and testing for significant
association. The primary function of the proposed
method is to detect possible association and assess its sig-
nificance through the exploration of different ensembles
of two-locus analyses. Hence, the proposed method is
also equally interested in both ensemble selection and
testing for significant association.

http://www.biomedcentral.com/1471-2105/10/294

The proposed method is benchmarked against a simple
exhaustive two-locus analysis technique, the set associa-
tion approach [11], the correlation-based feature selection
technique [14] and the tuned ReliefF technique [16].
These filter-based attribute selection techniques are suita-
ble for the benchmark trial since they are capable of
detecting association. The case-control classification mod-
els constructed from screened SNPs via a multifactor
dimensionality reduction method [19] are also provided.

Results and discussion

Algorithm

The proposed algorithm performs an omnibus permuta-
tion test on ensembles of two-locus analyses and is
referred to as a 2LOmb technique. The algorithm consists
of four steps as illustrated in Figure 1 and can be described
as follows.

Two-locus analysis

Consider a case-control genetic association study with n,,
SNPs, for each pair of SNPs, a 2 x 9 contingency table with
rows for disease status and columns for genotype configu-
rations is created. A y? test statistic and the corresponding
p-value can subsequently be computed. With the total of

n
n,, SNPs, there are [ 2'" J =n,!/((n,,-2)!2!) possible SNP

pairs. As a result, the p-value from each two-locus analysis
must be adjusted by a Bonferroni correction. The Bonfer-
roni-corrected p-value from each analysis is the lower

n
value between ( 2'" J x the uncorrected p-value and one.

Permutation test

The p-value p{ for the null hypothesis H(, that ensemble

e--an ensemble of two-locus analyses of interest--is not
associated with the disease can be evaluated by a permu-
tation test. To achieve this, a scalar statistic is first com-
puted from a function that combines the Bonferroni-
corrected y2's p-values of individual two-locus tests. A suit-
able combining function must (a) be non-increasing in
each p-value, (b) attain its maximum value when any p-
value equals to zero and (c) have a finite critical value that
is less than its maximum for any significant level greater
than zero [54]. In this study, a Fisher's combining func-
tion (-2 log(p;)) is selected [55]. The p-value for the
ensemble of two-locus analyses is assessed via a permuta-
tion simulation. In each permutation replicate, samples
are constructed such that the case/control status of each
sample is randomly permuted while the total numbers of
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Figure |

Outline of 2LOmb. In this example, the algorithm takes a balanced case-control data set that consists of 400 samples and
1,000 SNPs. Each genotype is represented by an integer: 0 denotes a homozygous wild-type genotype, | denotes a hetero-

zygous genotype and 2 denotes a homozygous variant or homozygous mutant genotype. A 2 contingency table is then con-

1,000
structed for each pair of SNPs in two-locus analysis. This results in the total of ) = 499,500 two-locus analyses. Thus,

the Bonferroni-corrected y2's p-value for each two-locus analysis is the lower value between 499,500 X its uncorrected p-value
and one. In one ensemble, Bonferroni-corrected »2's p-values from multiple two-locus analyses are combined together via a
Fisher's combining function, which in turn provides a Fisher's test statistic result. The raw p-value for the ensemble is obtained
through a permutation test, which is composed of 10,000 randomised permutation replicates. Since multiple ensembles may be
tried during the identification of the best association explanation, a global p-value is calculated to account for multiple hypoth-
esis testing. The global p-value is estimated through the same permutation test that gives the raw p-value for each ensemble.
The progressive search for the best association explanation is carried out by incrementally adding a two-SNP unit to the cur-
rent best ensemble. The condition for search termination is based on both the raw p-value for the explored ensemble and the
global p-value. In this example, the search is terminated after the fourth ensemble is explored due to an increase in the raw p-
value. Subsequently, the best SNP set for association explanation contains SNPI, SNP2 and SNP3 where the global p-value that
accounts for testing of four hypotheses is p < 0.0001.
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case and control samples remain unchanged. A 42 contin-
gency table with new entries and a Bonferroni-corrected p-
value for the two-locus analysis within each permutation
replicate are then obtained. This, in turn, leads to a new

Fisher's test statistic. Let T/ denote the value of Fisher's

test statistic obtained for the ith permutation replicate, pj

is the fraction of permutation replicates with a test statistic
greater than or equal to the test statistic obtained from the

original case-control data (Tg). In other words,

pe={i-1<i<t, TF 2T}/, (1)

where ¢ is the number of permutation replicates which is
set to 10,000 in this study and | - | denotes the size of a set.

Global p-value determination
There are many candidate ensembles of two-locus analy-

ses that can be explored. Let H, = ﬂ H{ be the glo-

1<e<E
bal null hypothesis that none of E explored ensembles of
two-locus analyses is associated with the disease, the test
of the global null hypothesis leads to the global p-value
and provides the genetic association explanation. In step

2, the p-value pg for a fixed hypothesis H{ is a raw or

unadjusted p-value. To account for the correlation among
multiple hypotheses that have been tested during the
exploration through many candidate ensembles, the test-
ing result of the global null hypothesis depends on
P

sis is rejected if the minimum of the raw p-values is suffi-

=min, pg . In other words, the global null hypothe-

ciently small. The distribution of pI"™ can again be
determined by a permutation simulation. However, a
nested simulation is unnecessary since the same set of per-
mutation replicates for the p; determination can be
reused in the estimation of the empirical distribution of
piin [56]. This strategy has been successfully imple-
mented in a number of genetic association detection tech-
niques, including a set association approach [11] and a
haplotype interaction approach embedded in FAMHAP
[57,58]. The unadjusted p-value for the permutation rep-
licate i of each hypothesis e is thus given by

p;e{j:0<j<t, j#i, TS 2T} /¢t (2)

Let p™™ = min, p¢ be the minimum of unadjusted p-val-

ues over all explored ensembles of two-locus analyses in
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the ith permutation replicate, the p-value for the global
null hypothesis H, is defined by

pglobal :|{i:1SiSt’piminSpgﬂn}l/t' (3)

Search for the best ensemble of two-locus analyses

A simple progressive search is used to identify the best
ensemble of two-locus analyses. The search begins by
locating the best two-SNP unit with the smallest Bonfer-
roni-corrected y2's p-value from step 1. A permutation test
is then performed for this two-locus analysis, yielding
both raw and global p-values since only one hypothesis
has been explored. Next, the search attempts to combine
the existing best two-SNP unit with the two-SNP unit that
possesses the next smallest Bonferroni-corrected y2's p-
value from step 1 and does not have a higher permutation
p-value than the first two-SNP unit. If this new ensemble
yields either a higher raw p-value or the same raw p-value
but a higher global p-value from a permutation test, the
search is terminated and the association is explained by
the previously identified two-locus analysis. Otherwise,
the best ensemble of two-locus analyses is updated and
the process of appending more two-SNP units to the
ensemble continues. The progressive search terminates
when deterioration in the raw or global p-value is
detected, or all possible two-locus analyses have been
included in the ensemble. It is recalled from step 3 that for

m

n
the best ensemble containing E - 1 <( ) ] two-locus

analyses, its global p-value is obtained from the evalua-
tion of E hypotheses.

Validity of the algorithm

A permutation replicate in 2LOmb is constructed by ran-
domly assigning the case or control status to each sample
while maintaining the original proportion of case and
control samples. Once the construction of a permutation
replicate is finished, the assigned case and control labels
remain fixed to the samples. The pattern of case and con-
trol labels in each permutation replicate is thus constant
and unique. Therefore, the Bonferroni-corrected »2's p-
values from any two-SNP units within a permutation rep-
licate are calculated from the same case-control data set.
Hence, the combining of these Bonferroni-corrected j2's
p-values via a Fisher's combining function is attainable.
The calculation of Fisher's test statistics from all permuta-
tion replicates and the original data set leads to the raw or

unadjusted p-value p{ for the null hypothesis H{ of the
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ensemble ¢ as given in equation 1. Since the same set of
permutation replicates is always used during the evalua-
tion of each ensemble, the raw p-values for the null
hypotheses from all ensembles can be directly compared
against one another. Furthermore, the global p-value cal-
culation is based on this set of permutation replicates.
This is possible because the unadjusted p-value for the per-

mutation replicate i of ensemble e or p; can be calculated

in a similar manner to the raw p-value p§ as defined in

equation 2. The unadjusted p-values for the same permu-
tation replicate but different ensembles can also be
directly compared and the subsequent calculation of
with  pM™"  and

min

pi

min

po" =min, pg, the p-value for the global null hypothesis

=min,p; is attainable.

H, = ﬂlSeSE H{ that incorporates all E explored hypoth-

eses can be determined by equation 3. In summary, only
one set of permutation replicates is required for the calcu-
lation of both the raw p-value for the null hypothesis of
every ensemble and the global p-value. The p-values can
be compared in each step of 2LOmb. Consequently, the
selection of the best ensemble for association explanation
can be carried out via a p-value comparison.

Testing with simulated data

2LOmb is benchmarked against a simple exhaustive two-
locus analysis technique, a set association approach (SAA)
[11], a correlation-based feature selection (CFS) tech-
nique [14] and a tuned ReliefF (TuRF) technique [16] in a
simulation trial. The exhaustive two-locus analysis is sim-
ply the two-locus analysis procedure from the first step of
the 2LOmb algorithm. An interaction is declared if at least
one two-SNP unit with a Bonferroni-corrected j2's p-value
below 0.05 is detected. The exhaustive two-locus analysis
reports all SNPs that meet this detection condition. The
simulation covers two main data categories: null data of
no significant genetic association and data with causative
SNPs which signify pure epistasis. The algorithm perform-
ance on the null data provides an indication for the false-
positive error. On the other hand, the algorithm perform-
ance on the data with causative SNPs indicates the detec-
tion capability. An efficient algorithm should produce an
output with a low number of SNPs and a high number of
correctly-identified causative SNPs when epistasis is
present. Similarly, it should also report that there are no
causative SNPs in the null data. These two measures on
the number of SNPs in the results are used as the perform-
ance indicators.

Each simulated data set contains 1,000, 2,000 or 4,000
SNPs in which either there are no causative SNPs or there
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is pure epistasis, governed by two, three or four causative
SNPs. The allele frequencies of all causative SNPs are 0.5
while the minor allele frequencies of the remaining SNPs
are between 0.05 and 0.5. The data set consists of bal-
anced case-control samples of sizes 400, 800 or 1,600. All
SNPs in control samples are in Hardy-Weinberg equilib-
rium (HWE) [59]. The genotype distribution of causative
interacting SNPs follows the pure epistasis model by Cul-
verhouse et al. [42], leading to three interesting values of
heritability: 0.01, 0.025 and 0.05. Every SNP in each data
set exhibits no marginal single-locus effect (Bonferroni-
corrected p2's p-value > 0.05). Twenty-five independent
data sets for each simulation setting are generated via a
genomeSIM package [60]. A paired t-test is suitable to
assess the significance of results since the same simulated
data sets are used during the algorithm benchmarking.

The results from the null data problem are summarised in
Figure 2 while the results from the two-, three-and four-
locus interaction problems are shown in Figures 3-4, 5-6
and 7-8, respectively. Clearly, 2LOmb significantly out-
performs other techniques in terms of the low number of
output SNPs, the high number of correctly-identified
causative SNPs or both in every interaction problem (a
paired t-test on 675 benchmark results yields a p-value <
0.05). On the other hand, both 2LOmb and SAA have the
lowest false-positive error when compared to other tech-
niques in the null data problem (a paired t-test on 225
benchmark results yields a p-value < 0.05). The statistical
power analysis also reveals that the benchmark trial with
25 independent data sets for each simulation setting is
sufficient for an accurate evaluation of the overall algo-
rithm performance (power > 0.95 for a Type I error rate of
0.05). These results can be further interpreted as follows.

The performance of many existing attribute selection tech-
niques for pattern recognition depends on the level of
attribute interactions. A number of techniques, including
CFS, appear to function well under a moderate level of
interactions. However, the performance of CFS appears to
be significantly reduced when the interaction level
becomes too high [14,61] because CFS favours an
attribute that is strongly correlated with the classification
outcome--disease status in this study--while at the same
time is not correlated with other attributes. Since the main
driving force behind epistasis is the interaction between
SNPs, which are themselves attributes, CFS would not
intuitively select all causative SNPs. Consequently, the
SNP set produced by CFS appears to contain only uncor-
related SNPs. Obviously, a SNP that is a part of the inter-
action model would occasionally be picked up by CFES but
CFS never successfully identifies all causative SNPs in any
interaction problems. In addition, CFES reports more erro-
neous SNPs than other techniques in the null data prob-
lem and all three interaction problems due to many SNPs
being uncorrelated.
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Figure 2

Performance of the exhaustive two-locus analysis,
SAA, CFS, TuRF and 2LOmb in the null data prob-
lem. The results are averaged over 25 independent simula-
tions. False detection is declared for the exhaustive two-
locus analysis, SAA and 2LOmb if the p-values used as detec-
tion indicators in their results are less than 0.05. The results
from the exhaustive two-locus analysis (E2LA), SAA, CFS,
TuRF and 2LOmb are displayed using magenta, blue, green,
red and black markers, respectively. In each chart, the hori-
zontal axis represents the detection algorithm while the ver-
tical axis represents the number of output SNPs reported by
the algorithm. The top nine charts are displayed using a finer
scale than the bottom nine charts.
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The benchmarking of attribute selection techniques by
Hall and Holmes [14] also reveals that ReliefF [15] is bet-
ter than CFS in problems with a high level of interactions.
Since ReliefF is essentially the core engine of TuRF, the
results from this study are in agreement with the early
benchmark trial. This finding strengthens the observation
that the interaction level of SNPs in pure epistasis models
is too high for CFS to handle. Similar to its predecessor,
the performance of TuRF still depends on both the
number of attributes and sample size. TuRF performs well
in the majority of simulation scenarios with 1,000-2,000
SNPs and 800-1,600 samples. These scenarios are rela-
tively easy since the number of SNPs is small while the
sample size is large. However, the size of output SNP set,
reported by TuRF from the null data problem and all three
interaction problems, increases significantly when the dif-
ficulty level rises by either reducing the sample size or
increasing the number of SNPs. This implies that when
the problem contains a large number of candidate SNPs,
the only way to ensure that TuRF reports a proper SNP set
is to use a relatively large sample size, making it impracti-
cal in real genetic association studies due to many factors
including disease prevalence, population size and geno-
typing cost.

The global p-values in most of the SAA results from the
null data problem and all three interaction problems
exceed 0.05, showing that SAA reports a low false-positive
result in the null data problem. Nonetheless, SAA remains
unsuitable for detecting pure epistasis because of its high
false-negative error. This poor performance can be traced
back to the manner in which SAA exploits an omnibus
permutation test. As stated earlier, single-locus analysis
does not detect any association between a SNP and the
disease in this study. Hoh et al. [11] have demonstrated
that genetic association can be more significantly
observed when the single-locus test statistics are com-
bined together. Nonetheless, there is an additional
requirement that each causative SNP must exhibit a mar-
ginal single-locus effect. In the current study, the associa-
tion signal from each causative SNP is lower than the
required threshold, leading to similar test statistics and
global p-values for both combinations of multiple SNPs
which include causative SNPs and those which exclude
causative SNPs.

Both 2LOmb and exhaustive two-locus analysis technique
are capable of identifying all causative SNPs. However, the
size of output SNP set from 2LOmb is significantly
smaller than that from the exhaustive two-locus analysis.
Appended SNPs to the causative SNPs in the output from
2LOmb and those from the exhaustive two-locus analysis
are erroneous SNPs. These erroneous SNPs are parts of
false two-SNP units with Bonferroni-corrected 2's p-val-
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Figure 3

Performance of the exhaustive two-locus analysis
and 2LOmb in the two-locus interaction problem.
The results are averaged over 25 independent simulations.
Detection is declared for the exhaustive two-locus analysis
and 2LOmb if the p-values used as detection indicators in
their results are less than 0.05. The results from the exhaus-
tive two-locus analysis (E2LA) and 2LOmb are displayed
using magenta and black markers, respectively. In each chart,
the horizontal axis represents the detection algorithm while
the vertical axis represents the number of output SNPs
reported by the algorithm. All causative SNPs are present in
outputs from both the exhaustive two-locus analysis and
2LOmb in all simulations.
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ues less than 0.05. A similar trend of results regarding the
size of output SNP set is also observed in the benchmark
trial involving the application of 2LOmb and exhaustive
two-locus analysis to the null data. This signifies that the
permutation test and the progressive search embedded in
2LOmb can help reducing the number of erroneous SNPs
in the output.

As mentioned earlier, 2LOmb produces the best results
among five techniques in the benchmark trial. 2LOmb
has a low false-positive error in the null data problem and
is capable of detecting all causative SNPs in every simu-
lated data set in all three interaction problems. This per-
formance is further strengthened by highly significant
global p-values in 2LOmb results from all three interac-
tion problems (p < 0.0001) and the presence of a SNP in
common among some or all pairs of two-SNP units in the
three- and four-locus interaction problems. Nonetheless,
some of the 2LOmb outputs contain a few erroneous
SNPs which are irrelevant to the correct association expla-
nation. Since all three interaction problems involving dif-
ferent numbers of causative SNPs are investigated by
varying the total number of SNPs, the sample size and the
level of heritability, these parameters may influence the
number of erroneous SNPs in the 2LOmb results. Simi-
larly, the total number of SNPs and the sample size may
affect the number of erroneous SNPs in the 2LOmb results
from the null data problem. ANOVA reveals that the only
source of variation that significantly affects the number of
erroneous SNPs in the null data, two-locus interaction
and three-locus interaction problems is the sample size (p
< 0.000001). In addition, the sample size must be greater
than 800 for an increase in the number of erroneous SNPs
to be significant. In contrast, ANOVA reveals that two
sources of variation that affect the number of erroneous
SNPs in the four-locus interaction problem are the sample
size (p < 0.000001) and the total number of SNPs (p <
0.00005). Similar to the null data, two-locus interaction
and three-locus interaction problems, the sample size in
the four-locus interaction problem must be greater than
800 to create a significant increase in the number of erro-
neous SNPs. On the other hand, the number of erroneous
SNPs appears to decrease when the total number of SNPs
increases. These two sources of variation also interact with
each other (p < 0.005). However, the interaction is most
evident only when the sample size is large, i.e. when the
sample size is 1,600.

ANOVA shows that the number of erroneous SNPs in the
2LOmb results is influenced by the sample size and the
total number of SNPs but not by the heritability. It is
observed that the number of erroneous SNPs increases
when the sample size is large. This counterintuitive phe-
nomenon can be explained as follows. As 2LOmb com-
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Figure 4

Performance of SAA, CFS, TuRF and 2LOmb in the
two-locus interaction problem. The results are averaged
over 25 independent simulations. Detection is declared for
SAA and 2LOmb if the p-values used as detection indicators
in their results are less than 0.05. The results from SAA, CFS,
TuRF and 2LOmb are displayed using blue, green, red and
black markers, respectively. In each chart, the horizontal axis
represents the number of correctly-identified causative SNPs
while the vertical axis represents the number of output SNPs
reported by the algorithm. The charts on which the red
markers are invisible denote the situations in which the per-
formance of TuRF and 2LOmb is similar. The charts in this
figure are displayed using a coarser scale than the charts in
Figure 3.
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bines p-values that are determined from 2 tests, the
number of entries for the contingency table construction
is large when the sample size is large. This subsequently
leads to a significantly large j?2 statistic and hence an
extremely small p-value if the SNPs under consideration
are causative SNPs. At the same time, the possibility that a
reasonably large 2 statistic and a small p-value can be
obtained by chance from a two-SNP unit which is irrele-
vant to the correct association explanation also inevitably
increases. With the increase in the possibility of erroneous
SNP inclusion, the size of output SNP set gets bigger when
the sample size is large. Another observation that appears
to be counterintuitive is the reduction in the number of
erroneous SNPs when the total number of SNPs increases.
This phenomenon is the result of the Bonferroni correc-
tion usage. When the total number of SNPs is doubled,
the Bonferroni correction factor in 2LOmb is quadrupled.
A higher correction factor leads to a more stringent crite-
rion for SNP selection. This subsequently leads to the
reduction in the number of erroneous SNPs when the
total number of SNPs is large.

In contrast to the first two parameters, different levels of
heritability appear to have no effect on the 2LOmb results
because all simulated data sets have balanced case-control
samples and the embedded interaction models have the
same architecture. For instance, a two-locus interaction
model leads to zero penetrances for genotypes AABB,
AABb, AaBB, Aabb, aaBb and aabb. Hence, the penetrances
for these six genotypes are always equal to zero regardless
of the heritability. On the other hand, genotypes AAbb,
AaBb and aaBB have non-zero penetrances (see Methods
for details). Therefore, different heritability levels cer-
tainly lead to different penetrances for genotypes AAbb,
AaBb and aaBB. However, the ratios between the pene-
trances of these three genotypes are fixed and independ-
ent of the heritability. This model description can be
generalised to cover the other multi-locus interaction
models. In addition, the maximum penetrance in any
two-locus or multi-locus interaction models always stays
below 0.1 even though the heritability is at the highest
level (see Methods for details). This means that case sam-
ples are always over-sampled from affected individuals to
achieve a balanced case-control data set. Since all explored
heritability levels lead to the same case over-sampling pat-
tern, the simulated data sets of which the only primary
difference being the heritability levels are indistinguisha-
ble from one another. This leads to the result similarities
in interaction problems with the same number of SNPs in
the data set, sample size and number of causative SNPs
but different levels of heritability as shown in Figures 3, 4,
5, 6, 7 and 8. The result trend is also independent of the
number of simulated data sets used in the benchmark
trial.
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Figure 5

Performance of the exhaustive two-locus analysis
and 2LOmb in the three-locus interaction problem.
The explanation for how the results are obtained and dis-

played is the same as that given in Figure 3.

Sample

Size

1,600

800

400

1,600

800

400

1,600

800

400

http://www.biomedcentral.com/1471-2105/10/294

Heritability 0.01

400
200

0
400

200

0
400

200

400
200

400
200

400
200

Number of Output SNPs

400
200

400
200

400
200
0

Figure 6

0.025 0.05
1,000 SNPs
o oflo oo -]
] oo oflm -]
o B|m B|m -]
012301230123
2,000 SNPs
] GG L a
] Bl B|m B
-] o o
o oflm aflm o
012301230123
4,000 SNPs
o B|o Blo B
o o o
] oo oflm -]
o o o
] oflm oo -]

012301230123
Number of Correctly—Identified Causative SNPs

Sample

Size

1,600

800

400

1,600

800

400

1,600

800

400

Performance of SAA, CFS, TuRF and 2LOmb in the
three-locus interaction problem. The explanation for
how the results are obtained and displayed is the same as
that given in Figure 4.
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Figure 7

Performance of the exhaustive two-locus analysis
and 2LOmb in the four-locus interaction problem.
The explanation for how the results are obtained and dis-

played is the same as that given in Figure 3.
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Figure 8

Performance of SAA, CFS, TuRF and 2LOmb in the
four-locus interaction problem. The explanation for how
the results are obtained and displayed is the same as that

given in Figure 4.
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In a permutation test, the ability to differentiate between
two p-values is influenced by the number of permutation
replicates. With t permutation replicates, the test declares
an actual p-value that is less than 1/t to be zero. During the
progressive search for the best ensemble, the inclusion of
a new two-SNP unit is accepted if this inclusion does not
worsen the current result. If the number of permutation
replicates is too low, the search may include erroneous
two-SNP units that are irrelevant to the correct association
explanation. The analysis is confirmed as the number of
output SNPs from 2LOmb is equal to the number of caus-
ative SNPs in most of simulation results. This phenome-
non suggests that the number of permutation replicates
employed in this study (¢ = 10,000) is high enough to
screen off most of the erroneous two-SNP units. In other
words, the inclusion of these erroneous two-SNP units
leads to an increase in the p-value by at least 1/t. Nonethe-
less, the fact that 2LOmb results are not entirely free from
erroneous SNPs suggests that there are erroneous two-SNP
units with extremely small p-values. It is advisable to per-
form a genotype relative risk calculation for the elimina-
tion of erroneous SNPs. If the presence of an erroneous
two-SNP unit is suspected, its result on two-locus geno-
type relative risk would not be as significant as that from
the other two-SNP units in the ensemble. Alternatively, an
additional means for further SNP screening by other tech-
niques such as MDR is also recommended. The chance of
erroneous SNP discovery would be further minimised by
employing two consecutive attribute selection techniques.
The same concept has been adopted for the implementa-
tion of MDR software, in which many additional filters
including a »?2 test, an odds ratio test, ReliefF and TuRF are
available for SNP screening prior to the MDR analysis.

The two-, three- and four-locus interaction data sets which
have been screened for causative SNPs by 2LOmb are sub-
sequently subjected to MDR analysis. MDR has success-
fully identified all erroneous SNPs and the correct
interaction models have been constructed from all data
sets. The prediction accuracy from the MDR analysis is
illustrated in Figure 9. It is noted that the prediction accu-
racy from all data sets is quite high due to the manner in
which the pure epistasis model is defined [42]. Using the
penetrance table for a two-locus interaction model with
the heritability = 0.01 (see Methods for details), the two-
locus genotype distribution of causative SNPs in a bal-
anced case-control sample set from simulated data with
800 samples can be estimated and shown in Figure 10.

Six genotypes in Figure 10 namely AABB, AABb, AaBB,
Aabb, aaBb and aabb are protective genotypes. In other
words, a sample with one of these six genotypes is a con-
trol sample because the penetrances for these genotypes
are zero. It is also noted that the control samples with all
nine genotypes precisely follow the distribution as jointly
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described by independent single-locus genotype distribu-
tion from loci A and B. In contrast, three remaining geno-
types in Figure 10 namely AAbb, AaBb and aaBB are
labelled as disease-predisposing genotypes because the
majority of samples with these three genotypes are case
samples. Samples with these genotypes may be either case
or control samples because the penetrances for these gen-
otypes are between zero and one. In fact, the probabilities
that persons with these genotypes to have the disease are
quite low since the penetrances for these genotypes are
small. However, case samples must be over-sampled from
affected individuals to ensure a balanced case-control data
set because the disease prevalence for this two-locus inter-
action model is only 0.004975. In addition, each case
sample must contain one of these three genotypes because
the penetrances for the other genotypes are zero. As a
result, the case samples with these genotypes do not fol-
low the same two-locus genotype distribution as in the
control samples. With six genotypes being exclusively spe-
cific to control samples and the majority of three remain-
ing genotypes being found in case samples, the MDR
prediction accuracy for the two-locus interaction model is
high. This explanation can also be generalised to cover the
MDR results from the other multi-locus interaction data
sets.

Another advantage of using 2LOmb for SNP screening
prior to the MDR analysis is the reduction in computa-
tional time for interaction detection. The computational
time for 2LOmb to finish screening the SNPs is provided
to demonstrate this strength of 2LOmb. Moreover, the
computational time required to identify causative SNPs
by the MDR analysis and that by the combined approach
which involves SNP screening by 2LOmb and follows by
the MDR analysis is given. The previously-described sim-
ulated data sets with causative SNPs are used to produce
the computational time results from the SNP screening by
2LOmb and the combined approach. All possible interac-
tion models that can be constructed from the 2LOmb out-
puts are explored by MDR in the combined approach. On
the other hand, the data sets for the direct MDR analysis
are prepared by restricting the number of SNPs in each
data set to 100. Only SNPs that are irrelevant to the correct
association explanation are removed from the original
simulated data sets. Furthermore, MDR only explores the
interaction models that do not cover more than four SNPs
in the data for this latter simulation setting. The summary
of computational time required for the SNP screening by
2LOmb and that for both direct MDR and combined
approaches to correctly identify all causative SNPs is given
in Table 1. The maximum time required by 2LOmb to
screen SNPs in the largest data set is 419 seconds or
approximately seven minutes. Moreover, the combined
2LOmb and MDR approach discovers the correct causa-
tive SNPs much faster than MDR. This time reduction is
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achieved even though the problems have been simplified
for the direct MDR analysis. A direct application of MDR
to the original simulated data sets is certainly impractical.

The simulated multi-locus interaction problems in this
article are based on the pure epistasis model by Culver-
house et al. [42]. It is possible to capture a number of
multi-locus interactions with marginal two-locus effects
via a combination of two-locus analyses. However, there
are many multi-locus interaction scenarios without mar-
ginal two-locus effects. In such cases, 2LOmb and the
exhaustive two-locus analysis technique are unable to
detect interactions. Among the explored techniques, TuRF
and MDR have a better chance of detection. Nonetheless,
TuRF functions well only when the total number of SNPs
in data is small and the sample size is large enough while
the total number of SNPs in data affects the practicality of
direct MDR analysis.

Every attribute selection technique has a limitation in
terms of the maximum numbers of samples and attributes
that it can handle. Single-locus analysis techniques always
have a higher limit than multi-locus analysis techniques.
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Figure 9

Prediction accuracy from the MDR analysis. A 10-fold
cross-validation strategy is applied during the accuracy evalu-
ation. The best MDR model is located by exploring all possi-
ble SNP combinations. All erroneous SNPs, which are left
over after the screening by 2LOmb, have been successfully
identified. All MDR models contain the correct number of
causative SNPs. In addition, the MDR cross-validation con-
sistency is 10/10.
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Because attribute subset evaluation is usually integrated
into multi-locus analysis techniques, consequently the
number of possible attribute subsets that can be explored
is extremely large when the candidate attribute set is large.
Together with a potentially large sample size, a higher
computational requirement for multi-locus analysis tech-
niques is inevitable. As a result, the direct application of
multi-locus analysis techniques to a much larger data set
than those presented in this article, which is usually con-
sidered in genome-wide association studies, would be
impractical. However, it is reasonable to expect that both
marginal single-locus and epistatic effects are present in
any genome-wide data sets. A multi-stage strategy that
incorporates multiple techniques, designed for different
detection modes, would be more suitable to handle large
data. For instance, the marginal single-locus effects should
be the first priority and, as such, be detected by single-
locus analysis. Then, a special case of pure epistasis [2] or
semi-purely epistatic events, in which a SNP displaying a
marginal single-locus effect interacts with a SNP that
exhibits no marginal single-locus effect, should be consid-
ered. Many two-locus analysis techniques have been
proven to be well suited to this type of epistasis
[40,50,51]. Finally, the detection of pure epistasis is car-
ried out in the last stage. With the reduction of SNPs from
the first stage, the chance that some multi-locus analysis
techniques are applicable to the remaining SNPs
increases. In addition to the multi-stage approach, a prior
knowledge regarding the previously reported association
can be exploited to select candidate genes based upon
ontology and pathways. This practice is due to the neces-
sity for the derivation of plausible interpretation. The
screening for SNPs within or near candidate genes before
the association detection also increases the chance that
multi-locus analysis techniques can be applied to the
remaining data.

Testing with real data

2LOmb has been applied to study a type 2 diabetes melli-
tus (T2D) data set, collected and investigated by the Well-
come Trust Case Control Consortium (WTCCC) [3]. The
data set consists of 1,999 case samples from affected indi-
viduals in the UK and 3,004 control samples, which are
the results of a merging between 1,500 samples from the
UK blood services and 1,504 samples from the 1958 Brit-
ish birth cohort. The original genome-wide data set con-
tains 500,568 SNPs that are obtained through the
Affymetrix GeneChip 500 K Mapping Array Set. The SNP
set is primarily reduced by screening for SNPs within and
near 372 candidate genes collected by the Human
Genome Epidemiology Network (HuGENet) [62]. These
candidate genes cover genes from both positive and nega-
tive genetic association reports, in which studies are con-
ducted in various ethnic groups and populations. The SNP
set is further reduced by removing SNPs that exhibit
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Genotype distribution of two causative SNPs in a bal-
anced case-control data set with the sample size of
800. 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, Aabb, aaBb and aabb are labelled as protective
genotypes while the cells with genotypes AAbb, AaBb and
aaBB are labelled as disease-predisposing genotypes.

strong evidence of genetic association via single-locus
analysis. The final SNP set contains 7,065 SNPs from 370
candidate genes. All SNPs in the reduced data set exhibit
no marginal single-locus effects (Bonferroni-corrected y2's
p-value > 0.05). Detailed description of the final SNP set
is given in the supplement (see Additional file 1).

The 2LOmb search in the reduced T2D data set takes
3,456 seconds (57.6 minutes) of computational time on
the Beowulf cluster. The possible genetic association is
detected from 11 intronic SNPs in four genes (global p-
value < 0.0001). Details of these SNPs, the two-SNP units
that exhibit marginal two-locus effects and the identified
genes are given in Table 2. A two-SNP unit is located in
LMX1A. A two-SNP unit is also detected in PARK2. In
addition, there is one SNP in common among SNPs in
both GYS2 two-SNP units. Similarly, there is one com-
mon SNP among three two-SNP units located in PGM1.
Nonetheless, a two-SNP unit in which each SNP is located
in a different gene is absent, indicating that there is no evi-
dence of gene-gene interactions which can be observed
from the 2LOmb result. Linkage disequilibrium (LD)
analysis is subsequently performed using a JLIN package
[63] and the resulting LD patterns are illustrated in Figure
11. It is noted that there is strong LD among SNPs within
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each gene due to high values of D' [64] and 72 [65]. The
genotype and haplotype relative risks are then calculated
and the results are presented in Tables 3, 4, 5, 6, 7, 8, 9 and
10. Haplotype inference is carried out using an expecta-
tion-maximisation method [66]. The analysis reveals that
a more prominent indication of a relative risk is observed
when two-SNP units are considered. It is also noted that
the genotype relative risk is directly influenced by the hap-
lotype relative risk once a genotype is phased into all pos-
sible haplotype pairs. The detection of these two-SNP
units is thus believed to be the consequence of haplotype
effects. An early T2D association study also reveals similar
haplotype effects in FUSION data [67]. Next, an interac-
tion dendrogram [68,69] constructed from the 11 SNPs
by MDR software is given in Figure 12. A strong synergistic
effect between the two SNPs in PARK? is clearly observed.
In contrast, the interactions between PGMI1, LMXIA,
PARK2 and GYS2 are clearly absent.

Since many early genetic association studies of T2D and
metabolic syndrome employ MDR analysis [43-45,47],
additional MDR analysis would be useful for the compar-
ison. The screened T2D case-control data set which con-
tains 11 SNPs identified by 2LOmb is further subjected to
MDR analysis. The prediction accuracy of the best MDR
model is summarised in Table 11. The model covers six
SNPs in three genes: PGM1, PARK2 and GYS2. These SNPs
are also present in three two-SNP units identified by
2LOmb. It is noted that the prediction accuracy in this real
data set is much less than that from the simulated data
sets. Nevertheless, the attainment of low prediction accu-
racy does not necessarily suggest that there is no genetic
association. Early works involving genetic association
studies of T2D and metabolic syndrome in various popu-
lations via MDR analysis produce similar values of predic-
tion accuracy as summarised in Table 12. The prediction
accuracy by MDR from most studies is in the range of 0.5-
0.6. The only genetic association study of T2D that the
prediction accuracy is distinctively high is conducted in a
Korean population [43]. Differences in genetic back-
ground, candidate genes and selected SNPs are the main
causes of variation in the genetic association results.
Although MDR does not select five SNPs from the 2LOmb
output, these SNPs should not be regarded as erroneous
SNPs because there is strong linkage disequilibrium
among SNPs in each gene. Moreover, early genotype and
haplotype relative risk analysis clearly indicates that each
gene, identified by 2LOmb, plays a role in the T2D associ-
ation explanation. Overall, the analysis with the methods
above only confirms the positive association for PGM1,
LMX1A, PARK2 and GYS2 while gene-gene interactions
are clearly absent. This signifies that, for the current study,
there is no interaction between each pair of the identified
genes that can be described by purely epistatic two-locus
interaction models. In addition, there are no interactions
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Table I: Computational time required by 2LOmb, a combined 2LOmb and MDR approach, and direct MDR analysis to detect
interactions in simulated data sets with different sizes and different numbers of causative SNPs.

Computational Time Required by Each Approach (sec)

2LOmb 2LOmb+MDR MDR
Number of Sample Size 1,000 SNPs 2,000 SNPs 4,000 SNPs 1,000 SNPs 2,000 SNPs 4,000 SNPs 100 SNPs
Causative SNPs
2 400 15 37 135 17 39 137 7,656
800 21 59 224 23 6l 226 15,990
1,600 36 106 400 38 108 402 31,222
3 400 22 43 140 24 45 142 7,721
800 30 65 229 32 67 231 16,206
1,600 50 115 406 52 117 408 31,232
4 400 32 55 150 34 57 152 7,841
800 46 80 236 48 82 238 16,285
1,600 70 133 419 72 135 421 31,637

Only one computing processor in a Beowulf cluster is occupied during the analysis of one data set. The test problems for the direct MDR analysis
have been simplified by reducing the number of SNPs in each data set to achieve attainable computational time. The displayed time is collected from
the processing of multiple independent data sets for each simulation setting. The computational time from the benchmark trial involving 2LOmb,
and the combined 2LOmb and MDR approach is the maximum time needed by each method to detect interactions in one data set. In contrast, the
computational time from the direct MDR analysis is the minimum time for the completion of interaction detection in one data set. The
computational time required by 2LOmb for the null data problem is similar to that for the two-locus interaction problem.

between these four genes that can be described by purely
epistatic multi-locus interaction models with marginal
two-locus effects.

The four genes selected by 2LOmb regulate many path-
ways that involve in the disease development [70-72]. The
genetic association studies involving these genes have
been previously conducted in different populations. For
instance, LMX1A has been chosen as a positional and bio-
logical candidate gene for a case-control study of T2D in
Pima Indians [73]. This gene is chosen as a candidate
because a linkage of T2D to chromosome 1q21-q23 has
been previously reported [74]. In addition, LMX1A is one
of LIM homeobox genes that are expressed in pancreas
and has been shown to activate insulin gene transcription.
Although SNPs have been carefully selected from the
entire gene, no association between these SNPs in LMX1A
and T2D has been found in this ethnic group.

PARK? is another candidate gene that is also selected for
case-control studies, based on evidence from genome-
wide linkage analysis [75]. A linkage of T2D in an African
American population to chromosome 6q24-q27 has been
previously identified [76]. Although PARK2 mainly
involves in the development of Parkinson's disease, sin-
gle-locus analysis reveals strong evidence of association
between SNPs, which are in the vicinity of SNPs identified
by 2LOmb, and T2D in African Americans.

In contrast to LMX1A and PARK2, which are candidate
genes in typical T2D case-control studies, GYS2 is consid-
ered in a study to identify genes responsible for troglita-
zone-associated hepatotoxicity in Japaneses with T2D
[77]. In other words, both case and control samples in the
study are drawn from troglitazone-treated T2D patients,

in which case patients exhibit an abnormal increase in
alanine transaminase (ALT) and aspartate transaminase
(AST) levels. GYS2 regulates starch and sucrose metabo-
lism and an insulin signalling pathway. The selected SNPs
in GYS2 are not found to associate with troglitazone-
induced hepatotoxicity.

Similar to the study of GYS2, the association study involv-
ing PGM1 is not carried out as a typical T2D case-control
study. In fact, an attempt to identify association between
PGM1 polymorphisms and obesity has been conducted
among T2D affected individuals in Italy [78]. PGM1 regu-
lates glycolysis and gluconeogenesis, starch and sucrose
metabolism, galactose metabolism, a pentose phosphate
pathway, and streptomycin biosynthesis. Isozyme poly-
morphisms [79,80], which are defined through structural
differences in PGM1 protein, are used instead of SNPs in
the study where positive association is identified.

In summary, positive association has been reported from
previous studies involving PARK2 in African Americans
and PGM1 in Italians. In contrast, negative association has
been reported from previous studies about LMXIA in
Pima Indians and GYS2 in Japaneses. Both GYS2 and
PGM1 regulate starch and sucrose metabolism while
LMX1A and PARK2 govern insulin gene transcription and
Parkinson's disease development, respectively. The above
discussion strengthens the importance of conducting
large-scale association studies due to two main reasons.
Firstly, a gene that does not contribute to the aetiology of
a complex disease in one population may be important
for association explanation in another population. Sec-
ondly, the absence of interacting candidate genes from a
study may lead to negative association due to a lack of
necessary genetic information. A two-locus interaction
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can occur between SNPs from genes that regulate one spe-
cific pathway [44] or between SNPs from genes that regu-
late different pathways [45]. Furthermore, a multi-locus
interaction may involve both SNPs from genes that regu-
late the same pathway and SNPs from genes that govern
different pathways. Hence, candidate genes should be
selected by considering all pathways that directly and
indirectly contribute to the disease development.

This study produces evidence of association between 11
intronic SNPs in PGM1, LMX1A, PARK2 and GYS2, and
T2D in a UK population. Although there are other inde-
pendent genome-wide T2D data sets, the association
detection within these data using a similar methodology
to the presented method has never been attempted
because the methodology employed in the majority of
genome-wide association studies is based on single-locus
analysis [3,81]. It is recalled that each SNP explored in the
reduced T2D data set exhibits no marginal single-locus
effect. Hence, the most logical approach to confirm the
possibility of replicating association results from the cur-
rent study is to perform the same detection method on
these independent data sets. This is certainly important to
gain further understanding of the genetic role in T2D sus-
ceptibility.

Implementation

2LOmb is implemented in a C programming language.
All functions within the program are written by the first
author except the 2 distribution function, which is taken
from the Numerical Recipes in C [82]. The program can be
compiled by Microsoft Visual Studio and GNU C compil-
ers. The program has been successfully tested for the exe-
cution under Windows and Linux operating systems. The
time required by 2LOmb to complete a problem contain-
ing n attributes is T (n) = [Z J =nl/((n-2)121)=n(n-1)/
2. 2LOmb thus has the order of n2 time complexity (T (n)
€ O(n2)). Consequently, 2LOmb can tackle problems in
quadratic time. 2LOmb in its present form occupies one
processor during the program execution. A parallel ver-
sion of 2LOmb for genome-wide data is under develop-
ment. All results included in the study are collected from
the execution of computer programs in a Beowulf cluster.
The computational platform consists of 12 nodes. Each
node is equipped with dual Xeon 2.8 GHz processors and
4GB of main memory. The Rocks Cluster Distribution is
installed on all nodes.

Conclusion

In this article, a method for detecting epistatic multi-locus
interactions in case-control data is presented. The study
focuses on pure epistasis [2], which cannot be detected via

http://www.biomedcentral.com/1471-2105/10/294

single-locus analysis [42]. To overcome this difficulty, the
proposed method performs an omnibus permutation test
[54] on ensembles of two-locus analyses and is thus
referred to as 2LOmb. The detection performance of
2LOmb is evaluated using both simulated and real data.
From the simulation, 2LOmb produces a low false-posi-
tive error when the tests on null data of no association are
performed. Furthermore, 2LOmb can identify all causa-
tive SNPs and outperforms a simple exhaustive two-locus
analysis technique, a set association approach (SAA) [11],
a correlation-based feature selection (CFS) technique [14]
and a tuned ReliefF (TuRF) technique [16] in various
interaction scenarios with marginal two-locus effects.
These scenarios are set up by varying the number of caus-
ative SNPs, the number of SNPs in data, the sample size
and the heritability. ANOVA reveals that the number of
SNPs in data and the sample size influence the number of
erroneous SNPs appended to the correctly-identified caus-
ative SNPs in the 2LOmb output. In contrast, the results
from 2LOmb appear to be insensitive to the variation in
heritability. After subjecting the data sets containing only
SNPs that are screened by 2LOmb to multifactor dimen-
sionality reduction (MDR) analysis [19], all erroneous
SNPs are successfully removed. In addition, an insight
into the MDR models is provided. 2LOmb is subsequently
applied to a real case-control type 2 diabetes mellitus
(T2D) data set, which is collected from a UK population
by the Wellcome Trust Case Control Consortium
(WTCCC) [3]. The original genome-wide data set is first
reduced by selecting only SNPs that locate within or near
372 candidate genes reported by the Human Genome Epi-
demiology Network (HuGENet) [62]. In addition, the
selected SNPs must exhibit no marginal single-locus
effects. The final data set, which consists of 1,999 case
samples and 3,004 control samples, contains 7,065 SNPs
from 370 candidate genes. 2LOmb identifies 11 intronic
SNPs that are associated with the disease. These SNPs are
located in PGM1, LMX1A, PARK2 and GYS2. The 2LOmb
result suggests that there is no interaction between each
pair of the identified genes that can be described by purely
epistatic two-locus interaction models. Moreover, there
are no interactions between these four genes that can be
described by purely epistatic multi-locus interaction mod-
els with marginal two-locus effects. This evidence of
genetic association for these four genes leads to an alter-
native explanation for the aetiology of T2D in the UK pop-
ulation. It also implies that SNPs from genome-wide data
which are usually discarded after single-locus analysis
confirms the null hypothesis of no association can still be
useful for genetic association studies of complex diseases.

Methods

Pure epistasis model

The pure epistasis model of interest is proposed by Culver-
house et al. [42]. The model describes a restriction or con-
straint for penetrance of each genotype constituting the
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Figure 11

Linkage disequilibrium (LD) patterns of SNPs in PGMI, LMXIA, PARK2 and GYS2. LD is explained via D' displayed in
the upper triangle and r2 displayed in the lower triangle. Dark colours indicate high values while pale colours indicate low val-
ues. Distances between SNPs are given in terms of the number of base pairs. SNPI = rs2269241, SNP2 = rs2269239, SNP3 =
rs3790857, SNP4 = rs2269238, SNP5 = rs2348250, SNP6 = rs6702087, SNP7 = rs1893551, SNP8 = rs6924502, SNP9 =
rs6487236, SNP10 = rs1871142 and SNPI | = rs|10770836.
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Figure 12

Interaction dendrogram produced from |1 SNPs that are chosen by 2LOmb. The colours in the dendrogram com-
prise a spectrum of colours representing a transition from synergy to redundancy. Synergy denotes the situation in which the
entropy-based interaction between two SNPs provides more information than the entropy-based correlation between the
pair. Redundancy refers to the situation in which the entropy-based interaction between two SNPs provides less information
than the entropy-based correlation between the pair [7].

interaction model. Consider a two-locus model that cap- 5 .

tures an interaction between loci A and B, let A and a be My = pifio + 201 —pp)fu + (1= pp)~ fir,1€{0,1,2},
the major (common) and minor (rare) alleles at locus A. (4)
Similarly, let B and b be the major and minor alleles at
locus B. At each locus, the genotype is represented by char-
acters 0, 1 or 2 where 0 denotes a homozygous wild-type

and

genotype (AA and BB), 1 denotes a heterozygous geno-
type (Aa and Bb) and 2 denotes a homozygous variant or
homozygous mutant genotype (aa and bb). f; € [0, 1] is
defined as the disease penetrance of the two-locus geno-
type ij that consists of genotype i at locus A and genotype
j at locus B. The marginal penetrances M,; for genotype i

Mp; = Pf\fo]’ +2pa(L=pa)f1;+(1- PA)zfzjij {0.1,2},
(5)
where p, and p are the major allele frequencies. Equations

4 and 5 are usually represented by a penetrance table as
illustrated in Table 13. The two-locus interaction model is

at locus A and My for genotype j at locus B are given by a pure epistasis model if

Table 2: 2LOmb identifies || intronic SNPs, which are located in four genes, from the reduced T2D data.

Gene Chromosome and Location Two-SNP Unit in the Ensemble

PGM| (phosphoglucomutase 1) Ip31 (rs2269241, rs3790857)
(rs2269239, rs3790857)

(rs3790857, rs2269238)

LMXIA (LIM homeobox transcription factor |, alpha) 1922-q23 (rs2348250, rs6702087)
PARK2 (Parkinson disease (autosomal recessive, juvenile) 2, parkin) 6q25.2-q27 (rs1893551, rs6924502)
GYS2 (glycogen synthase 2 (liver)) 12pl12.2 (rs6487236, rs1871142)

(rs1871142, rs10770836)

Association between these SNPs and the disease is possible (global p-value < 0.0001). Seven two-SNP units are present in the ensemble where each
unit contains a pair of SNPs from the same gene.
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Table 3: Genotype relative risk evaluated from genotype distribution of SNPs in PGMI.
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Frequency
SNP Genotype Case Control Relative Risk 95% ClI
SNPI 0 0.6513 0.6528 0.9977 (0.9573-1.0399)
| 0.3082 0.3076 1.0018 (0.9204-1.0905)
2 0.0405 0.0396 1.0229 (0.7757-1.3488)
SNP2 0 0.6493 0.6521 0.9957 (0.9552-1.0379)
| 0.3087 0.3079 1.0024 (0.9209-1.0910)
2 0.0420 0.0399 1.0519 (0.8006-1.3822)
SNP3 0 0.6153 0.6568 0.9368 (0.8972-0.9782)
| 0.3472 0.3056 1.1361 (1.0479-1.2316)
2 0.0375 0.0376 0.9974 (0.7490-1.3281)
SNP4 0 0.6638 0.6668 0.9956 (0.9564-1.0364)
I 0.2991 0.2969 1.0074 (0.9237-1.0988)
2 0.0370 0.0363 1.0202 (0.7636-1.3631)
(SNPI, SNP3) 00 0.6043 0.6448 0.9372 (0.8966-0.9796)
ol 0.0470 0.0080 5.8858 (3.7730-9.1816)
10 0.0110 0.0120 0.9183 (0.5420-1.5561)
11 0.2961 0.2943 1.0064 (0.9222-1.0983)
12 0.0010 0.0013 0.7514 (0.1378-4.0984)
21 0.0040 0.0033 1.2022 (0.4753-3.0408)
22 0.0365 0.0363 1.0064 (0.7523-1.3463)
(SNP2, SNP3) 00 0.6038 0.6448 0.9364 (0.8958-0.9789)
ol 0.0455 0.0073 6.2159 (3.9154-9.8681)
10 0.0115 0.0117 0.9875 (0.5853-1.6661)
I 0.2966 0.2949 1.0058 (0.9218-1.0975)
12 0.0005 0.0013 0.3757 (0.0420-3.3588)
21 0.0050 0.0033 1.5028 (0.6266-3.6038)
22 0.0370 0.0363 1.0202 (0.7636-1.3631)
(SNP3, SNP4) 00 0.6138 0.6551 0.9369 (0.8971-0.9785)
ol 0.0015 0.0017 0.9017 (0.2157-3.7686)
10 0.0500 0.0117 4.2936 (2.9340-6.2831)
11 0.2971 0.2936 1.0121 (0.9274-1.1044)
21 0.0005 0.0017 0.3006 (0.0351-2.5706)
22 0.0370 0.0360 1.0297 (0.7702-1.3765)

The relative risk is calculated from the ratio between the probability of a genotype of interest occurring in the case group and that of the same
genotype occurring in the control group. Only the relative risks based on genotypic information from each SNP and SNP pairs identified by 2LOmb
are considered. Characters 0, | and 2 represent different genotypes at each locus where 0 denotes a homozygous wild-type genotype, | denotes a
heterozygous genotype and 2 denotes a homozygous variant or homozygous mutant genotype. The relative risk displayed in boldface is statistically
significant. The major/minor alleles for rs2269241, rs2269239, rs3790857 and rs2269238 are T/C, G/C, C/T and G/T, respectively. The allelic
information is extracted from the original T2D data. SNP| = rs2269241, SNP2 = rs2269239, SNP3 = rs3790857 and SNP4 = rs2269238.

M, = Mg =K, Vi, je {0,1,2}, (6)

where K is the disease prevalence. Obviously, many com-
binations of penetrance f;; satisfy the condition given in
equation 6. Culverhouse et al. [42] suggest that a pure
epistasis model with the maximum heritability is particu-
larly useful in association studies. The heritability (h2) of
the two-locus interaction model is defined by

h?=V,/Vy, (7)

where V. = K(1 - K) is the total variance of the dichoto-
mous phenotypes in the population and V; is the epistatic
variation attributable to the genotypes. V, is defined by

Vi = papE(foo = K)? +2p3pg(t- pa)(for —K) + pAl- pp)*(foo —K)?
+2pa(L-Pa)PE(F10—K)2 +4p A= pa)Ps(l— Pg)(f1 —K)? +2palL- pa)L- Pg)*(f1r —K)?
+(1- pa)? Pa(fa —K)2+2(1— pa) 2 pa(l- Pe)(for — K)?+ (- pa)>(- pg)?(f —K)2

(8)

The search for feasible penetrance f; that also maximises
the heritability or other variance-based objectives can be
treated as a constraint optimisation problem. Many algo-
rithms including a double description method [42] and a
genetic algorithm [83] have been proven to be suitable for
the task.

Culverhouse et al. [42] have identified the maximum her-
itability of purely epistatic two-locus and multi-locus
interaction models for various values of disease preva-
lence. For instance, the maximum heritability of a two-
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Table 4: Haplotype relative risk evaluated from genotype distribution of SNPs in PGMI.

Frequency
SNP Allele and Haplotype Case Control Relative Risk 95% ClI
SNPI 0 0.8054 0.8066 0.9985 (0.9791-1.0183)
| 0.1946 0.1934 1.0061 (0.9274-1.0916)
SNP2 0 0.8037 0.8061 0.9970 (0.9775-1.0168)
| 0.1963 0.1939 1.0126 (0.9336-1.0982)
SNP3 0 0.7889 0.8096 0.9744 (0.9550-0.9943)
| 0.2111 0.1904 1.1087 (1.0240-1.2003)
SNP4 0 0.8134 0.8152 0.9977 (0.9789-1.0170)
| 0.1866 0.1848 1.0100 (0.9288-1.0982)
(SNPI, SNP3) 00 0.7812 0.8019 0.9742 (0.9543-0.9945)
0l 0.0242 0.0047 5.1533 (3.3946-7.8231)
10 0.0077 0.0077 1.0000 (0.6349-1.5752)
Il 0.1869 0.1857 1.0064 (0.9257-1.0941)
(SNP2, SNP3) 00 0.7804 0.8017 0.9734 (0.9535-0.9938)
0l 0.0232 0.0044 5.3216 (3.4557-8.1949)
10 0.0085 0.0079 1.0758 (0.6930-1.6701)
I 0.1879 0.1861 1.0099 (0.9291-1.0977)
(SNP3, SNP4) 00 0.7881 0.8086 0.9747 (0.9552-0.9946)
ol 0.0008 0.0010 0.7661 (0.1943-3.0205)
10 0.0253 0.0067 3.7936 (2.6367-5.4582)
I 0.1858 0.1837 1.0113 (0.9298-1.0999)

The relative risk is calculated from the ratio between the probability of a haplotype of interest occurring in the case group and that of the same
haplotype occurring in the control group. Haplotype inference is carried out using an expectation-maximisation method. Only the relative risks
based on genotypic information from each SNP and SNP pairs identified by 2LOmb are considered. Characters 0 and | represent different alleles at
each locus where 0 and | denote major and minor alleles, respectively. The relative risk displayed in boldface is statistically significant. The allelic
information for each SNP is given in Table 3. SNP| = rs2269241, SNP2 = rs2269239, SNP3 = rs3790857 and SNP4 = rs2269238.

locus interaction model for p, = p; = 0.5 with the pene-
trances in Table 14 is

h2 (K)=2K/(1-K),Ke (0,1/4]. ()
When a two-locus interaction model is expanded into a
multi-locus interaction model, the marginal penetrance
equality constraint must be extended to cover all loci. Fur-

thermore, the expression for V,; must also be expanded to
cover additional genotypes while the expression for V;
remains unchanged. With the necessary model expansion,
the maximum heritability of a three-locus interaction
model for p, = pg = po = 0.5 with the penetrances in Table
15 is given by

h2 (K)=9K/(1-K),K € (0,1/16]. (10)

Table 5: Genotype relative risk evaluated from genotype distribution of SNPs in LMXIA.

Frequency

SNP Genotype Case Control Relative Risk 95% CI
SNP5 0 0.8429 0.8642 0.9754 (0.9526-0.9987)
I 0.1531 0.1315 1.1642 (1.0140-1.3366)
2 0.0040 0.0043 0.9248 (0.3840-2.2271)
SNPé 0 0.8799 0.8492 1.0362 (1.0135-1.0594)
| 0.1161 0.1465 0.7924 (0.6829-0.9193)
2 0.0040 0.0043 0.9248 (0.3840-2.2271)
(SNP5, SNP6) 00 0.8329 0.8299 1.0036 (0.9784-1.0295)
ol 0.0100 0.0343 0.2918 (0.1814-0.4695)
10 0.0470 0.0193 2.4355 (1.7644-3.3618)
I 0.1061 0.1119 0.9482 (0.8061-1.1153)
22 0.0040 0.0040 1.0018 (0.4103-2.4465)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 3. The major/minor alleles for rs2348250
and rs6702087 are G/A and G/C, respectively. The allelic information is extracted from the original T2D data. SNP5 = rs2348250 and SNP6 =

rs6702087.
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Table 6: Haplotype relative risk evaluated from genotype distribution of SNPs in LMXIA.

Frequency
SNP Allele and Haplotype Case Control Relative Risk 95% ClI
SNP5 0 0.9195 0.9299 0.9887 (0.9774-1.0002)
| 0.0805 0.0701 1.1494 (0.9997-1.3214)
SNPé 0 0.9380 0.9224 1.0168 (1.0059-1.0279)
| 0.0620 0.0776 0.7997 (0.6892-0.9280)
(SNP5, SNP6) 00 0.9143 0.9124 1.0021 (0.9898-1.0145)
0l 0.0051 0.0175 0.2931 (0.1829-0.4697)
10 0.0236 0.0100 2.3640 (1.7150-3.2585)
I 0.0569 0.0601 0.9472 (0.8064-1.1127)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 4. The allelic information for each SNP is

given in Table 5. SNP5 = rs2348250 and SNPé6 = rs6702087.

Similarly, the maximum heritability of a four-locus inter-
action model for p, = pg = pc = pp = 0.5 with the pene-
trances in Table 16 is

haw(K)=35K /1-K),Ke (0,1/64].  (11)
Additional details about the maximum heritability and
the corresponding two-locus and multi-locus penetrance
tables for other values of disease prevalence can be found
in Culverhouse et al. [42]. In this article, the simulated
data sets are generated to achieve the maximum heritabil-
ity of 0.01, 0.025 and 0.05. The values of disease preva-
lence that lead to the target heritability for two-, three- and
four-locus interaction models are given in Table 17.

genomeSIM

genomeSIM is a simulation package for generating case-
control samples in large-scale and genome-wide associa-
tion studies [60]. The package is capable of producing

many realistic scenarios, which can be observed in a pop-
ulation and genetic samples, including linkage disequilib-
rium, phenocopy and genotyping errors. The case/control
status of each sample is determined from the penetrance-
based genetic models or interaction models. As a result,
the package can accommodate many epistasis models
including the one proposed by Culverhouse et al. [42]. A
data set can be produced via two modes: a population-
based simulation and a probability-based simulation. In
the population-based simulation, an initial population is
generated according to the predefined allele frequency of
each SNP. Then further generations are created by crossing
the genotype strings within successive generations until
the specified number of generations is reached. The result-
ing data set contains a population-dependent case and
control samples that follow a forward-time simulation
strategy. In contrast, genotype strings are incrementally
generated without any string crossing for only one gener-
ation in the probability-based simulation. The creation of
new strings is terminated only when the desired numbers

Table 7: Genotype relative risk evaluated from genotype distribution of SNPs in PARK2.

Frequency
SNP Genotype Case Control Relative Risk 95% ClI
SNP7 0 0.4802 05110 0.9398 (0.8873-0.9954)
| 0.4322 0.4041 1.0695 (1.0008-1.1429)
2 0.0875 0.0849 1.0313 (0.8581-1.2395)
SNP8 0 0.4892 0.4923 0.9937 (0.9380-1.0527)
| 0.4087 0.4121 0.9917 (0.9267-1.0613)
2 0.1021 0.0955 1.0682 (0.9009-1.2665)
(SNP7, SNP8) 00 0.4492 0.4844 0.9275 (0.8726-0.9858)
ol 0.0285 0.0260 1.0982 (0.7841-1.5380)
02 0.0025 0.0007 3.7569 (0.7296-19.3450)
10 0.0400 0.0080 5.0092 (3.1856-7.8767)
I 0.3792 0.3848 0.9854 (0.9169-1.0590)
12 0.0130 0.0113 1.1492 (0.6918-1.9089)
21 0.0010 0.0013 0.7514 (0.1378-4.0984)
22 0.0865 0.0836 1.0358 (0.8606- 1.2465)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 3. The major/minor alleles for rs1893551
and rs6924502 are G/A and T/C, respectively. The allelic information is extracted from the original T2D data. SNP7 = rs1893551 and SNP8 =

rs6924502.
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Table 8: Haplotype relative risk evaluated from genotype distribution of SNPs in PARK2.

Frequency
SNP Allele and Haplotype Case Control Relative Risk 95% ClI
SNP7 0 0.6963 0.7130 0.9766 (0.9515-1.0023)
| 0.3037 0.2870 1.0582 (0.9950-1.1254)
SNP8 0 0.6936 0.6984 0.9931 (0.9672-1.0198)
| 0.3064 0.3016 1.0159 (0.9563-1.0793)
(SNP7, SNP8) 00 0.6726 0.6937 0.9696 (0.9434-0.9966)
0l 0.0238 0.0194 1.2248 (0.9369-1.601 1)
10 0.0210 0.0048 4.4215 (2.8972-6.7480)
I 0.2826 0.2822 1.0016 (0.9397-1.0675)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 4. The allelic information for each SNP is

given in Table 7. SNP7 = rs1893551 and SNP8 = rs6924502.

of case and control samples are obtained. In this study,
the probability-based simulation is used to produce all
case and control samples where the simulation parameter
setting is given in the supplement (see Additional file 2).
genomeSIM is available upon request to Scott M. Dudek
at the Vanderbilt University dudek@chgr.mc.vander-
bilt.edu.

Set association approach
A set association approach (SAA) is an association detec-
tion technique based on an omnibus permutation test on

sets of candidate SNPs [11]. The test captures information
about genotyping errors, deviation from Hardy-Weinberg
equilibrium (HWE) and allelic association. In the first
step, the genotype distribution for each SNP in the control
samples is checked for HWE. Then, the number of SNPs
that is to be excluded from the study (n,) is set to the
number of SNPs in the control samples that deviate from
HWE. Two test statistics are subsequently calculated for
each SNP: an allelic association statistic and a statistic for
the deviation from HWE of each SNP in the case samples.
The allelic association statistic is a 2 statistic which is cal-

Table 9: Genotype relative risk evaluated from genotype distribution of SNPs in GYS2.

Frequency
SNP Genotype Case Control Relative Risk 95% CI
SNP9 0 0.6473 0.6575 0.9846 (0.9447-1.0262)
| 03167 0.3046 1.0396 (0.9558-1.1308)
2 0.0360 0.0379 0.9491 (0.7105-1.2679)
SNPI0 0 0.5933 0.6441 0.9211 (0.8805-0.9634)
| 0.3712 0.3169 1.1713 (1.0839-1.2657)
2 0.0355 0.0389 09119 (0.6828-1.2180)
SNPI | 0 0.6058 0.6142 0.9864 (0.9427-1.0321)
| 0.3507 0.3352 1.0461 (0.9675-1.1310)
2 0.0435 0.0506 0.8601 (0.6650-1.1126)
(SNP9, SNP10) 00 0.5863 0.6335 0.9255 (0.8841-0.9689)
ol 0.0610 0.0240 2.5463 (1.9135-3.3885)
10 0.0055 0.0107 0.5166 (0.2610-1.0224)
Il 0.3092 0.2919 1.0590 (0.9717-1.1540)
12 0.0020 0.0020 1.0018 (0.2831-3.5456)
21 0.0010 0.0010 1.0018 (0.1676-5.9902)
22 0.0335 0.0370 0.9071 (0.6734-1.2218)
(SNP10, SNP1 1) 00 0.5463 0.5922 0.9224 (0.8776-0.9695)
0l 0.0455 0.0506 0.8997 (0.6982-1.1593)
02 0.0015 0.0013 1.1271 (0.2525-5.0304)
10 0.0595 0.0220 2.7095 (2.0164-3.6408)
Il 0.3032 0.2823 1.0739 (0.9839-1.1722)
12 0.0085 0.0126 0.6723 (0.3805-1.1877)
21 0.0020 0.0023 0.8587 (0.2517-2.9296)
22 0.0335 0.0366 0.9153 (0.6791-1.2336)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 3. The major/minor alleles for rs6487236,
rs1871142 and rs10770836 are A/G, G/A and G/A, respectively. The allelic information is extracted from the original T2D data. SNP9 = rs6487236,

SNPI0 =rs1871142 and SNPI | = rs10770836.
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Table 10: Haplotype relative risk evaluated from genotype distribution of SNPs in GYS2.
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Frequency
SNP Allele and Haplotype Case Control Relative Risk 95% ClI
SNP9 0 0.8057 0.8098 0.9949 (0.9757-1.0146)
| 0.1943 0.1902 1.0216 (0.9412-1.1087)
SNPI0 0 0.7789 0.8026 0.9705 (0.9505-0.9908)
I 0.2211 0.1974 1.1201 (1.0367-1.2102)
SNPI 1 0 0.7811 0.7818 0.9992 (0.9782-1.0205)
| 0.2189 0.2182 1.0030 (0.9299-1.0818)
(SNP9, SNP10) 00 0.7740 0.7967 0.9715 (0.9512-0.9922)
ol 0.0317 0.0131 2.4258 (1.8357-3.2056)
10 0.0049 0.0059 0.8330 (0.4807-1.4433)
I 0.1894 0.1843 1.0276 (0.9455-1.1169)
(SNP10, SNPI 1) 00 0.7494 0.7692 0.9742 (0.9524-0.9965)
ol 0.0295 0.0334 0.8843 (0.7069-1.1061)
10 0.0318 0.0126 2.5275 (1.9064-3.3511)
I 0.1894 0.1848 1.0244 (0.9426-1.1134)

The explanation for how the relative risks are obtained and displayed is the same as that given in Table 4. The allelic information for each SNP is

given in Table 9. SNP9 = rs6487236, SNP10 = rs1871142 and SNPI | = rs10770836.

culated from the contingency table of alleles or genotypes
with disease status. On the other hand, a 3?2 statistic for the
deviation from HWE of each SNP in the case samples indi-
cates the level of association. A large deviation from the
equilibrium usually signifies strong association between a
SNP and the disease. However, an excessively large devia-
tion may be the result of genotyping errors. n; SNPs with
largest test statistics for the deviation from HWE are hence
excluded from the consideration.

The test statistics for the allelic association and deviation
from HWE are multiplied together to form a single S sta-
tistic for each remaining SNP. SNPs are then ranked
according to their S statistics. A preset number of SNPs
with highest ranks are considered for association. The first
candidate SNP set contains only the SNP with the highest
rank (the highest S statistic). The p-value for this first set is
determined from a permutation simulation where the
case and control labels are randomly permuted while the
numbers of case and control samples remain unchanged.
In each permutation replicate, a new genotype contin-
gency table is constructed and a new S statistic is subse-
quently obtained. The p-value is given by the fraction of

permutation replicates with an S statistic greater than or
equal to the S statistic from the original data. The second
candidate SNP set consists of the first two SNPs in the rank
list. The test statistic for this SNP set is the sum of S statis-
tics from both SNPs. The p-value for the second candidate
SNP set is also obtained through the permutation simula-
tion. By progressively adding the remaining SNP with the
highest rank to the previously considered candidate set
and performing the permutation simulation, p-values for
all candidate SNP sets are estimated. The sizes of candi-
date SNP sets have the range of one to the preset number.
Among all candidate sets, the SNP set that best describes
genetic association has the lowest p-value.

Since multiple hypotheses are postulated during the con-
struction of candidate SNP sets, the global p-value for the
selected candidate set must be evaluated. This is achieved
through a permutation simulation in which the current
raw p-value for the chosen candidate set is now used as the
test statistic. The existing permutation replicates, created
for the early estimation of the raw p-value, can be reused
and a nested permutation simulation is hence avoided. In
this study, the maximum allowable size of the candidate

Table I I: Prediction accuracy of the best MDR model constructed from the 2LOmb output.

Description

Value

SNP and Gene

Classification (Training) Accuracy
Prediction Accuracy
Cross-Validation Consistency (CVC)

rs2269241 (PGMI), rs3790857 (PGM1), rs1893551 (PARK2), rs6924502 (PARK2), rs1871142 (GYS2),

rs10770836 (GYS2)
0.5709
0.5402
9/10

The model contains six SNPs from PGM [, PARK2 and GYS2. A permutation test with 1,000 randomised replicates of case-control data for this
model reveals that the empirical p-value for the null hypothesis of no association is p < 0.001.
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Table 12: Summary of prediction accuracy by MDR from early genetic association studies of T2D in a Korean population, a Han
Chinese population from Taiwan, a female population from the US, and that from an early genetic association study of metabolic

syndrome in an Italian population from the Centre East Coast Italy.

Reference Population Gene Prediction Accuracy CcvC Permutation p-value
Cho et al. [43] Korean PPARG, UCP2 0.7957 9/10 0.0l

Hsieh et al. [44] Han Chinese RXRG, EGFR 0.6270 11712 N/A

Qi et al. [45] us KCNJI'I, HNF4A 0.5420 10/10 0.010

Fiorito et al. [47] Italian PPARG, DIO2 0.6170 10/10 0.005

A permutation test with 1,000 randomised replicates is performed to obtain the empirical p-value for the null hypothesis of no association in the
studies conducted in the US and Italian populations. In contrast, a permutation test with 100 randomised replicates is performed to obtain the

empirical p-value in the study conducted in the Korean population.

SNP set is the total number of available SNPs while the
number of permutation replicates for p-value evaluation is
set to 10,000. The allelic association statistic employed in
the study is the y2 statistic that is obtained through the
contingency table of genotypes with disease status. A PAS-
CAL program for the set association approach can be
obtained from the website for S statistic in gene mapping
[84].

Correlation-based feature selection technique

A correlation-based feature selection (CFS) technique [14]
is an attribute (SNP) subset evaluation heuristic that con-
siders both the usefulness of individual features (SNPs) in
the (case-control) classification task and the level of inter-
correlation among features. Each attribute subset is
assigned a score given by

netef
[ng +nc(nc—1)7ﬁf '

where Merity.is the heuristic merit of an n_-attribute subset

Merity =

(12)

F, T is the average feature-class correlation and 7 is the
average feature-feature inter-correlation. An attribute sub-
set receives a high merit score if it contains features that
are highly correlated with the class and at the same time
have low inter-correlation among one another. An appli-
cation of a best-first search for the best subset identifica-
tion is carried out to avoid searching through all possible
attribute subsets. CFS has been integrated into a Weka
package [85,86].

Table 13: Penetrances for a two-locus interaction model.

Tuned ReliefF

A tuned ReliefF (TuRF) algorithm is a ranking algorithm
for identifying genetic markers which are important in
case-control classification [16]. TuRF is built on a ReliefF
engine [15]. ReliefF randomly picks a sample from the
(case-control) data and identifies its n;, nearest neighbours
from the same class and another 1, nearest neighbours
from the opposite class. The attribute values--the geno-
types in this application--of the neighbour samples are
compared to that of the randomly picked sample and are
subsequently used to update the relevance score for each
attribute (genetic marker). This process is repeated for a
specified number of samples, which is limited by the total
sample size. The rationale of ReliefF is that an attribute
which is important for the classification should have dif-
ferent values for samples from different classes and have
the same value for samples from the same class. The rele-
vance score of an attribute have a range from -1 (not rele-
vant) to +1 (highly relevant). TuRF exploits the capability
of ReliefF by repeatedly executing ReliefF and removing a
portion of worst attributes at the end of each execution.
This leads to the reevaluation of remaining attributes and,
hence, reduces the effects of attribute noise on the
attribute screening. In this study, the number of repeti-
tions for random sample picking in the ReliefF part is
equal to the total number of case-control samples while
the neighbourhood size (1) for the relevance score calcu-
lation is set to ten. Furthermore, the worst 1% of SNPs is
removed at the end of each ReliefF iteration (TuRF 1%).
TuRF has been integrated into the current distribution of
multifactor dimensionality reduction (MDR) software.

Penetrance of Genotype

Genotype BB Bb bb Marginal Penetrance
AA foo for for Myo

Aa fio fil fia My

aa fo fai f My,

Marginal Penetrance Mgy Mg, Mg, K

fjis the disease penetrance of genotype ij. My;and My are the marginal penetrances for genotype i at locus A and genotype j at locus B, respectively.

My = Mg;=K, Vi, j € {0, |, 2} in a pure epistasis model.

Page 24 of 30

(page number not for citation purposes)



BMC Bioinformatics 2009, 10:294

Table 14: Two-locus penetrances that lead to the maximum

heritability 17, (K) = 2KI(1 - K) for K < (0, 1/4].
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Table 16: Four-locus penetrances that lead to the maximum

heritability 12, (K) = 35KI(1 - K) for K < (0, 1/64].

Penetrance of Genotype

Genotype BB Bb bb
AA 0 0 4K
Aa 0 2K 0
aa 4K 0 0

All allele frequencies are equal (p, = pg = 0.5).

Multifactor dimensionality reduction

A multifactor dimensionality reduction (MDR) method is
a wrapper-based technique that is capable of identifying
the best genetic marker combination among possible
markers for the separation between case and control sam-
ples [19]. Similar to other wrapper-based methods, an n;-
fold cross-validation technique provides a means to deter-
mine the prediction accuracy of the candidate marker
model. Basically, the combined case and control samples
are randomly divided into n,folds where n;- 1 folds of
samples are used to construct a decision table while the
remaining fold of samples is used to identify the predic-
tion capability of the constructed decision table. The deci-
sion table construction and testing procedure is repeated
nstimes. Hence, the samples in each fold are always used

both to construct and to test the decision table. The

number of cells in a decision table is given by G"< where
n,is the number of candidate markers selected from pos-
sible 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 con-
struction, each cell in the table is filled with case and con-
trol samples that have their genotype corresponds to the
cell label. The ratio between numbers of case and control
samples provides the decision for each cell whether the
corresponding genotype is a protective or disease-predis-

Table 15: Three-locus penetrances that lead to the maximum

heritability hrznax (K) =9KI(I - K) for K € (0, 1/16].

Penetrance of Genotype

Genotype cC Cc cc

BB Bb bb BB Bb bb BB Bb bb
AA 0 0 lék 0 0 0 0 0 0
Aa 0 0 0 0 4K O 0 0 o0
aa 0 0 0 0 0 0 16Kk 0 O

All allele frequencies are equal (p4 = pg = pc = 0.5).

Penetrance of Genotype
Genotype cC Cc cc

DD Dd dd DD Dd dd DD Dd Dd
BB 0 0 0 0 0 0 0 0 0
AA Bb 0 0 0 0 0 0 0 0 0
bb 0 0 64K 0 0 0 0 0 0
BB 0 0 0 0 0 0 0 0 0
Aa Bb 0 0 0 0 8 0 0 0 0
bb 0 0 0 0 0 0 0 0 0
BB 0 0 0 0 0 0 64K O 0
aa Bb 0 0 0 0 0 0 0 0 0
bb 0 0 0 0 0 0 0 0 0

All allele frequencies are equal (py = pg = pc = pp = 0.5).

posing genotype. An example of decision table construc-
tion is illustrated in Figure 13.

The prediction accuracy of the decision table is subse-
quently evaluated by counting the numbers of case and
control samples in the testing fold that their disease status
can correctly be identified using the constructed decision
rules. The process of decision table construction and eval-
uation must be cycled through all or some of possible

2"n -1 combinations where n,, is the total number of

available markers in the study. The best genetic marker
combination is determined from two criteria: prediction
accuracy and cross-validation consistency. Each time that
a testing fold is used for the prediction accuracy determi-
nation, the accuracy of the interesting marker combina-
tion model is 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 number of markers has high cross-valida-
tion consistency. Prediction accuracy is the main criterion
for decision making while cross-validation consistency is
only used as an auxiliary measure. Cross-validation con-
sistency generally confirms that the high rank model can
consistently be identified regardless of how the samples
are divided for cross-validation. In a situation where two
or more models with different number of markers are
equally good in terms of prediction accuracy and cross-
validation consistency, the most parsimonious model--
the combination with the least number of markers--is
chosen as the best model.

After the best model has been selected, a permutation test
is used to assess the probability of obtaining prediction
accuracy that is at least as large as or larger than that
observed in the original data from randomised data. This
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Table 17: Disease prevalence that gives the target maximum heritability of 0.01, 0.025 and 0.05 for two-, three- and four-locus
interaction models.

Model

Prevalence (K)

hl .. (K =00l h2.. (K)=0025 hl.. (K) =005
Two-locus 0.004975 0.012346 0.024390
Three-locus 0.001110 0.002770 0.005525
Four-locus 0.000286 0.000714 0.001427

represents the probability that the null hypothesis of no
association is true. Each permutation replicate is con-
structed by randomly assigning the case/control status to
each sample with the numbers of case and control sam-
ples remaining fixed. MDR analysis is subsequently car-
ried out to obtain the prediction accuracy of each
permutation replicate. The empirical p-value is denoted by
the fraction of permutation replicates with the prediction
accuracy greater than or equal to the prediction accuracy
obtained from the original data. MDR software, which
incorporates many additional features including interac-
tion visualisation via dendrograms and genetic marker

BB Bb bb

AA 168
|—| 97
0 o [ 1] o a3
318
Aa
94
o [] 14 | 3L
aa
o 12 [ 3% 1 | 6 0
Figure 13

An MDR decision table that is constructed using a
balanced case-control data set with the sample size
of 800. 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, AaBB and aaBB are
labelled as protective genotypes while the cells with geno-
types AaBb, Aabb, aaBb and aabb are labelled as disease-pre-
disposing genotypes.

screening via a 2 test, an odds ratio test, ReliefF and TuRF,
is available from its homepage [87].

JLIN

JLIN or a Java LINkage disequilibrium plotter is a compu-
ter program for visualisation of linkage disequilibrium
analysis [63]. The program is capable of displaying many
statistical measures including D' [64] and 12 [65]. The pro-
gram is publicly available from the Centre for Genetic Epi-
demiology and Biostatistics, University of Western
Australia [88].

Interaction dendrogram

An interaction dendrogram is a graphical tool for the vis-
ualisation of relationships among attributes (SNPs)
[68,69]. The interaction dendrogram is constructed via
hierarchical clustering analysis and is embedded into
MDR software [87]. The dendrogram illustrates the
entropy-based interaction between attributes by display-
ing interacting or related attributes closely together as
adjacent leaves in a tree. At the same time, independent
attributes are placed far apart from one another. In addi-
tion, the conclusion regarding whether the interaction
between attributes is synergistic or redundancy is present
can be deduced.

Availability and requirements
The 2LOmb program for Windows platforms and exam-
ples of simulated data are available at http://

code.google.com/p/nachol/w/list.

List of abbreviations

2LOmb: omnibus permutation test on ensembles of two-
locus analyses; ALT: alanine transaminase; ANOVA: anal-
ysis of variance; AST: aspartate transaminase; CFS: correla-
tion-based feature selection; CI: confidence interval; CVC:
cross-validation consistency; DIO2: deiodinase, iodothy-
ronine, type II; E2LA: exhaustive two-locus analysis;
EGFR: epidermal growth factor receptor (erythroblastic
leukemia viral (v-erb-b) oncogene homolog, avian); FAM-
HAP: software for single-marker analysis and joint analy-
sis of unphased genotype data from tightly linked markers
(haplotype analysis); FUSION: Finland-United States
Investigation of NIDDM Genetics; genomeSIM: simula-
tion package for generating case-control samples in large-
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scale and genome-wide association studies; GYS2: glyco-
gen synthase 2 (liver); HNF4A: hepatocyte nuclear factor
4, alpha; HuGENet: Human Genome Epidemiology Net-
work; HWE: Hardy-Weinberg equilibrium; JLIN: Java
LINkage disequilibrium plotter; KCNJ11: potassium
inwardly-rectifying channel, subfamily J, member 11; LD:
linkage disequilibrium; LIM domains: protein structural
domains that are named after their initial discovery in the
proteins Lin11, Isl-1 and Mec-3; LMX1A: LIM homeobox
transcription factor 1, alpha; MDR: multifactor dimen-
sionality reduction; NIDDM: noninsulin-dependent dia-
betes mellitus; PARK2: Parkinson disease (autosomal
recessive, juvenile) 2, parkin; PGM1: phosphogluco-
mutase 1; PPARG: peroxisome proliferator-activated
receptor gamma; RXRG: retinoid X receptor, gamma; SAA:
set association approach; SNP: single nucleotide polymor-
phism; T2D: type 2 diabetes mellitus; TuRF: tuned ReliefF;
UCP2: uncoupling protein 2 (mitochondrial, proton car-
rier); Weka: Waikato environment for knowledge analy-
sis; WTCCC: Wellcome Trust Case Control Consortium.
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List of SNPs for the association study of T2D. This Excel spreadsheet file
contains the information about 7,065 SNPs which are explored during the
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x2's p-values from single-locus analyses are also provided.
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This article presents an application of a neural network and decision trees in thalassaemia screening. The aim
is to classify thirteen classes of thalassaemia abnormality and one control class by inspecting the distribution
of multiple types of haemoglobin in blood specimens, which are identified via high performance liquid
chromatography (HPLC). C4.5 and random forests are the chosen architecture for decision tree
implementation. For comparison, multilayer perceptrons are explored in classification via a neural network.
Keywords: The stratified 10-fold cross-validation results indicate that the best classification performance with overall
C45 accuracy of 97.2% (sensitivity =97.2% and specificity =99.8%) is achieved when C4.5 is used in conjunction
with samples which have been pre-processed with input attribute discretisation and redundant attribute
removal. Subsequently, C4.5 is applied to an additional sample set in a clinical trial which results in overall
accuracy of 93.1% (sensitivity =93.1% and specificity = 99.5%). These results suggest that a combination of
C4.5 with haemoglobin typing analysis via HPLC may give rise to a guideline for further investigation of
thalassaemia classification.
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1. Introduction

Thalassaemia is a genetic disease that causes a reduction in the life
span of a red blood cell [1]. The disease is a result of an abnormality in
the genes that regulate the formation of a protein called globin, which
is @ major component of haemoglobin (Hb). Each red blood cell
contains approximately 300 million molecules of haemoglobin.
Hence, a change in the structure of globin affects the structure and
functionality of a red blood cell. A globin molecule contains two parts:
a-globin and -globin. The a-globin contains 141 amino acids, which
are regulated by genes on chromosome 16. The (3-globin consists of
146 amino acids, which are governed by genes on chromosome 11.
Since the regulatory genes reside on two autosomes, the transmission
mode of abnormal genes is autosomal recessive. Hence, a person must
have two copies of a recessive gene on the same chromosome in order
to have the disease. In order to make the diagnosis, the blood
characteristics must be analysed. A complete blood count (CBC) and

* Corresponding author. Department of Electrical Engineering, Faculty of Engineering,
King Mongkut's University of Technology North Bangkok, 1518 Piboolsongkram Road,
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haemoglobin typing are the primary screening tests for a laboratory
diagnosis of thalassaemia. However, there is still a limitation in the
analysis of data due to a large number of possible candidate
characteristics. In addition, there are various types of thalassaemia
and thalassaemia trait. (Persons with thalassaemia trait do not have
the disease but inherit genes that cause the disease.) As a result, a
manual diagnostic process can only be carried out by specialists [2-4].

Early attempts to formulate an automated diagnostic tool
concentrate on analysing CBC data with image analysis [5], statistical
[6] and clustering techniques [7]. Later, the implementation protocol
has shifted to the expert systems, in which both rule-based [8-10] and
hybrid neural network/rule-based systems [11] have been success-
fully tested in clinical trials. Nonetheless, these tools broadly
differentiate between a wide range of blood-related diseases includ-
ing various types of anaemia. In order to narrow the diagnostic target
down to the differentiation between thalassaemic patients, persons
with thalassaemia trait and normal subjects, an alternative automated
diagnostic tool is required. Recently, a successful implementation of a
multilayer perceptron [12-14], a k-nearest neighbour technique [13],
a support vector machine [13] and a genetic programming based
decision tree [14] as a thalassaemic diagnostic tool has been reported.
Among these tools, the multilayer perceptron [15] emerges as the
most suitable tool for thalassaemia classification problems in Thailand
which cover higher varieties of haemoglobinopathies than other
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countries [16]. In the early investigation, it has been demonstrated
that a multilayer perceptron can handle a problem with 13 classes of
thalassaemic abnormality and two classes of normal subjects with and
without iron deficiency [14].

Although the use of a neural network with CBC inputs has been
proven to be successful, further investigation into automated thalassae-
mia classification is still required. Specifically, haemoglobin typing data
should also be considered as possible inputs [17]. This is because CBC and
haemoglobin typing data represent different aspects of blood character-
istics. CBC information is useful for the diagnosis of various types of
anaemia while haemoglobin typing data alone can confirm the
haemoglobinopathies. In this article, the possibility of using haemoglobin
typing data in automatic thalassaemia classification is investigated. The
choices of classifier for the task include a multilayer perceptron, a C4.5
decision tree [18] and random forests [19]. A multilayer perceptron is
selected for this study because it has been proven to be a suitable classifier
in early investigations [12-14]. In contrast, both C4.5 and random forests
have never been used in thalassaemia classification problems. None-
theless, both classifiers have been successfully applied to many
chemometric applications. For instance, C4.5 has been used for ion
chromatography detection [20,21] while random forests have been
implemented for prediction of drug's chromatographic retention time
[22], near-infrared spectrum analysis of red grape homogenates [23], and
classification of prostate cancer [24] and agro-industrial products [25].

With the availability of haemoglobin typing data and selected
choices of classifier, an investigation can be conducted as follows.
Firstly, the data are pre-processed via input attribute (feature)
discretisation and reduction. It has been reported that a proper
discretisation of continuous-valued attributes can improve the
classification performance of decision tree classifiers [26]. In addition,
an early investigation indicates that measured blood characteristics
usually contain non-informative attributes which can be eliminated
without affecting the classification outcome [14]. The attributes are
thus discretised via an information-theoretic technique [26] while
redundant attributes are eliminated using a correlation-based feature
selection technique [27]. As a result, two reduced-attribute data sets
are available for classifier benchmarking: continuous- and discrete-
valued data sets. Since the attribute discretisation is also required
prior to the continuous-valued attribute reduction in correlation
analysis [27], eliminated attributes from the original continuous-
valued data coincide with those from the derived discrete-valued
data. The use of both continuous- and discrete-valued data in the
benchmarking of neural networks is necessary since there is not
enough evidence which suggests that one attribute representation is
better than the other. After the classifier performance evaluation for
both cases of attribute representation is completed, the best classifier
together with the suitable attribute format is picked for a clinical trial
involving a separate data set. Finally, classification analysis of clinical
trial results is carried out to determine the feasibility of the selected
classifier. Every step in the procedure described above is illustrated in
Fig. 1 and implemented using a WEKA package [28].

The organisation of this article is as follows. In Section 2, materials
and methods are explained. These include the description of
haemoglobin typing data, an information-theoretic attribute discre-
tisation technique, a correlation-based feature selection technique, a
multilayer perceptron, C4.5, and random forests. Results from
attribute discretisation and redundancy elimination, classifier bench-
marking and a clinical trial are then discussed in Section 3. Finally, the
conclusions and further works are given in Section 4.

2. Materials and methods
2.1. Haemoglobin typing data sets

A blood specimen generally contains more than one type of
haemoglobin. With the use of high performance liquid chromatography

(HPLC) [29], the haemoglobin contents in each blood specimen can be
characterised. Various types of thalassaemia are identifiable through the
difference in proportion of haemoglobin contents [30-32]. Haemoglobin
typing results are usually obtained in the form of elution chromatograms
[33]. Typical elution chromatograms of a normal specimen and a
specimen from a person with Hb E trait are illustrated in Fig. 2. The
normal specimen is mostly made up from Hb Ag while the specimen from
a person with Hb E trait consists of Hb F, Hb Ag and Hb E. Since different
types of haemoglobin are detectable in the form of elution peaks at
different retention time, a chromatogram can be divided into multiple
sections where each section occupies a non-overlapping range of
retention time. Each chromatogram section would represent a unique
input feature or attribute for thalassaemia classification in which the
percentage of haemoglobin in the elution profile corresponds to the
attribute value. In this investigation, a chromatogram is divided into eight
sections. The attribute set and the associated types of haemoglobin are
summarised in Table 1. In Table 1, eight attributes are defined according
to the possible range of retention time in a haemoglobin chromatogram.
Some attributes are related to known types of haemoglobin while the
others are corresponded to unknown haemoglobin.

Two confirmed diagnosis data sets are acquired for this investiga-
tion. The first data set is created for the evaluation of classifier
performance while the second set is used in a clinical trial. The data set
for classifier evaluation consists of 150 samples which represent the
majority of blood specimens from adults that need to be screened for
thalassaemia. On the other hand, the data set for clinical trial contains
1000 samples and represents a typical distribution of specimens which
are submitted for screening during a fixed time period. This data set is
collected from Siriraj Hospital, Bangkok, Thailand during 1 August
2007 and 31 October 2007. The data acquisition has been conducted in
accordance with the Faculty of Medicine Siriraj Hospital Ethics
Committee's guidelines and in accordance with the Helsinki Declara-
tion. In addition, informed consent has been obtained from all
individuals. The description of these two sample sets is summarised
in Table 2. From Table 2, the samples are made up from seven groups of
thalassaemic patients, five groups of persons with thalassaemia trait,
one group of persons with abnormal haemoglobin and one group of
normal subjects. It is noticed that some types of thalassaemia in the
data set for classifier benchmarking are not presented in the specimens
collected for the clinical trial. Further, samples from persons with o-
thalassaemia 1 and a-thalassaemia 2 traits are not included in this
study. This is because haemoglobin typing characteristics cannot be
used to differentiate between these two groups and the normal subject
group. Generally, CBC and genotyping confirmation is needed for the
diagnosis of these two types of thalassaemia trait [31].

2.2. Attribute discretisation

When attributes in the classification problem of interest are
continuous-valued attributes, it is possible to transform these
attributes into discrete-valued attributes. This transformation can be
viewed as a form of data pre-processing procedure. The attribute
discretisation technique that is selected for the current application is
proposed by Fayyad and Irani [26]. The technique is an information-
theoretic technique that employs entropy-based splitting and mini-
mum description length stopping criteria. A chosen cut point within
the range of each attribute values is guaranteed to lie between two
class boundaries. A candidate cut point is introduced recursively to
each sample subset and is acceptable if a significant information gain—
the difference between the information value with and without the
split— is achieved. For a sample set S, which contains samples from m
classes denoted by Cj,...,Cpy, the class entropy of S is defined as

Ent(s) = =3 p(G.log,(p(C;.S)) 1)
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Fig. 1. Schematic diagram for the methodology employed in the investigation.

where p(G,S) is the proportion of samples in S that belong to class C;.
A cut point T, which is introduced to an attribute A in the sample set S,
will create a partition that has a class information entropy

|51 15, |

EA,T,S) = |—S]|Ent(51) + g Ene(s,) )

where S; and S, are sample subsets of S and S; + S, =S. According to
the minimum description length stopping criterion, a cut point T is
accepted if and only if

— m_ — — —
Gain(A,T,S)> 10g2(‘\55‘\ 1), log,3"—2) [mE”f(S)‘S‘"hE”f(Sl) myENt(S,)]

3)

where m; and m, are the numbers of classes in the subsets S; and S5,
respectively and Gain(A, T, S) is the information gain of the cut point,
which is defined by

—%Ent(sl)— 1520 ppgs,). (4)

Gain(A,T,S) = Ent(S) H

2.3. Attribute selection

Attribute selection is the process of identifying and removing
irrelevant and redundant information from input features. This
procedure has been proven to help improving the classification
robustness in thalassaemia classification [13,14]. The chosen attribute
selection method for the current investigation is a correlation-based
feature selection technique [27]. The technique describes an attribute
subset evaluation heuristic that considers both the usefulness of
individual features in the classification task and the level of inter-
correlation among features. Each attribute subset will be assigned a
score given by

Merity = ——————
f k + k(k + 1)1y

()

where Meritr is the heuristic merit of a k-attribute subset F, fris the
average feature-class correlation and fis the average feature-feature
inter-correlation. An attribute subset will receive a high merit score if
it contains features that are highly correlated with the class and at the
same time have low inter-correlation among each other. Hall and
Holmes [27] suggest that continuous-valued attributes should be
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Fig. 2. Elution chromatograms of (A) a normal specimen and (B) a specimen from a person with Hb E trait that are obtained from an Hb Gold HPLC system. RT(s) represents the
retention time in seconds for each fraction of elute. % of Hb represents the percentage of haemoglobin in the elution peak.

discretised using the information-theoretic technique [26] prior to the
merit score calculation.

In order to avoid searching through all possible attribute subsets,
Hall and Holmes [27] recommend an application of a simple hill-
climbing technique for the best subset identification. Basically, the
hill-climbing search begins with an empty set and evaluates each
individual input feature to locate the best single attribute. The search
then tries combining each remaining feature with the best attribute to
identify the best attribute pair. Next, the search attempts the
combination between each remaining feature and the best attribute
pair to find the best three-attribute subset. The search continues until
an attribute addition to the previously identified best subset does not
show an improvement in the merit score.

Table 1
Input features or attributes for thalassaemia classification.

Attribute Type of haemoglobin Retention time (s)
1 Hb Bart's 0-68

2 Hb A;c, Hb F 69-160

3 Unknown 161-199

4 Hb Ao 200-230

5 Unknown 231-249

6 Hb E 250-280

7 Hb A, 281-289

8 Hb D, Hb S, Hb Constant Spring, Hb C 290-320

2.4. C4.5 decision tree

C4.5 decision tree is one of the most widely used and practiced
tools for inductive inference [18]. A decision tree is generally
constructed in a top-down manner. The tree construction begins at
the root node where each input feature or attribute is evaluated using
a statistical test to determine how well it alone classifies the training
samples. The best attribute is selected and used as the test at the root
node of the tree. A descendant of the root node is then created for

Table 2
Two data sets for thalassaemia classification.

Class Description Category Number of samples

Classifier Clinical trial
benchmarking
1 Normal subject Normal 15 281
2 Hb Constant Spring trait Trait 9 35
3 Hb E trait Trait 15 500
4 «a-Thalassaemia 1 trait + Hb E trait  Trait 15 43
5 Homozygous Hb E Trait 15 64
6 B-Thalassaemia trait Trait 15 44
7 Abnormal haemoglobin N/A 6 6
8 Hb H disease Disease 12 4
9 Hb H disease with Constant Spring Disease 12 0
10 EA Bart's disease Disease 9 3
11 HPFH disease Disease 10 2
12 Homozygous 3-thalassaemia Disease 5 0
13 B°-Thalassaemia/Hb E Disease 6 14
14 BT -Thalassaemia/Hb E Disease 6 4
Total 150 1000

Each attribute represents different type of haemoglobin and occupies a unique range of
retention time.

The first set contains 150 samples and is used for classification benchmarking. The
second set consists of 1000 samples which are collected for a clinical trial.
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either each possible value of this attribute if the attribute value is
discrete or each possible discretised interval of this attribute if the
attribute value is continuous. Next, the training samples are sorted to
the appropriate descendant node. The entire process is subsequently
repeated using the training samples associated with each descendant
node to select the best attribute to test at that point in the tree. This
forms a greedy search for an acceptable decision tree, in which the
algorithm never backtracks to reconsider earlier choices. Although a
new node can always be added to the tree until all samples which are
assigned to one node belong to the same class, C4.5 does not allow the
tree to grow to its maximum depth. As a result, a node is only
introduced to the tree only when there are a sufficient number of
samples left from sorting. After the complete tree has been
constructed, a tree pruning is usually carried out to avoid data over-
fitting.

The statistical test for assigning an attribute to each node in C4.5
also employs an entropy-based measure. The chosen attribute is the
one with the highest information gain ratio among available attributes
at the tree construction step considered. The information gain ratio
GainRatio(A, S) of an attribute A relative to a sample set S is defined as

. . o Gain(A,S)
GainRatio(4,5) = SplitInformation(A, S) ®)
where Gain(A,S) = Ent(S)—)_ ||5~C:’|‘Ent(5,,) (7)
veV
and Splitinformation(A,S) = —3_ IS"‘logz 5] . (8)
vev |S] IS|

Vis the set of all possible values of attribute A and S, is the subset of S
for which attribute A has value v. This information gain ratio can be
calculated straightaway for discrete-valued attributes. For continu-
ous-valued attributes, it is necessary to partition the attribute value
into a discrete set of intervals prior to the calculation of information
gain ratio. Quinlan [18] suggests that an appropriate threshold can be
used to partition a continuous-valued attribute into two intervals. Let
{v1,v2,...,vjs} be the sorted attribute values of attribute A. Candidate
values that need to be considered are only the midpoints between v;
and v; ; 1. The chosen midpoint is the value that leads to the partition
that gives the highest information gain ratio according to Eq. (6). After
the best midpoint is selected, C4.5 will pick the largest attribute value
in A that does not exceed this midpoint as the threshold. Quinlan [18]
explains that this strategy ensures that all threshold values appearing
in the tree actually occur in the data.

2.5. Random forests

Random forests refer to a collection or ensemble of decision trees
[19]. The technique takes a majority vote result from all trees as the
class decision. Hence, the tree structures should be significantly
diversified in order for the majority-vote concept to be applicable.
This can be achieved by replacing the greedy search strategy for
attribute selection as implemented in C4.5 with a stochastic attribute
selection procedure. Breiman [19] suggests that an attribute for each
node in a tree can be randomly selected from a small group of input
features. Further, empirical studies indicate that a feature group size
of one is sufficient. As a result, an attribute is randomly selected from
available attributes for each node in this investigation. Another main
difference between C4.5 and random forests is that each tree in
random forests is allowed to grow to its maximum size. This would
not lead to data over-fitting since the overall class decision would rely
on outcomes from multiple trees within the forest [19].

Similar to C4.5, random forests can handle problems with discrete-
valued attributes straightaway. Again, continuous-valued attributes
must be split into discrete intervals during tree construction. Similar

to C4.5 which uses an information gain ratio to determine the best
split location on the attribute value range, Breiman et al. [34]
introduces a Gini index for the same task. The Gini index is an
“impurity” measure that directly relates to the proportion of classes in
a sample set. The index reaches the value of zero when only one class
is present in the collection and attains the maximum value when class
sizes in the collection are equal. Using the same notation for Eq. (1),
the Gini index of a sample set S is defined by

Gini(S) = %P(Q,S)P(Cps) = 1*;P(Ci,5)2~ 9)

The best split location on attribute A is the one that most decreases
the Gini index. This is achieved when
[S1]

AGini(A,5) = Gini(S)— & Gini(s,) - % Gini(S,) (10)

is minimal. S; and S, denotes the sample subsets of S after the split
and 51 + Sz =S.

2.6. Neural network

A neural network is an interconnected group of artificial neurons
that uses a mathematical or computational model for information
processing based on a connectionist approach. The neural network
that is selected for this implementation is a multilayer perceptron
[15]. The model of a neuron is illustrated in Fig. 3(A). From Fig. 3(A), q
input signals are received by the neuron. These inputs are weighted
and linearly summed together. The threshold, which can be treated as
an extra connection weight, is then applied to the weighted-sum
result. Thus, the linear combiner output (z) or input to the activation
function is given by

zZ = Z w;u; (11)

where u; is the ith input to the neuron and w; is the connection
weight on input u;. In addition, ug= —1 and wy is the threshold. The
neuron output (h(z)) is the output from the activation function and is
given by

1

he) = T epa (12)

The output signal from each neuron is thus limited by a logistic
sigmoid function. This described neuron model is used throughout the
multilayer feed-forward network depicted in Fig. 3(B).

In this implementation, the number of network inputs is equal to
the number of attributes or input features while the number of
network outputs is equal to the number of output classes. Each output

Fig. 3. Schematic diagram of a multilayer perceptron: (A) computational model of a
neuron and (B) feed-forward network structure that contains one hidden layer.
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neuron represents one of possible output classes with the highest-
valued output taken as the network prediction. This is often referred
to as a 1-of-n output encoding technique [35]. The network has a
single hidden layer—a layer of neurons that receive attributes as
inputs and send signals to output neurons—in which the number of
neurons in the hidden layer can vary. As a result, the observation
displays the effect of network non-linearity on the classification
performance.

The multilayer perceptron will be trained by a back-propagation
algorithm. The algorithm uses a sample-by-sample updating rule for
adjusting connection weights in the network. In one algorithm
iteration, a training sample is presented to the network. The signal
is then fed in a forward manner through the network until the
network output is obtained. The error between the actual and aimed
network outputs is calculated and used to adjust the connection
weights. Basically, the adjustment procedure, derived from a gradient
descent method, is used to reduce the error magnitude. The procedure
is firstly applied to the connection weights in the output layer,
followed by the connection weights in the hidden layer. The iteration
is completed after all connection weights in the network have been
adjusted.

3. Results and discussions
3.1. Attribute discretisation and selection

The original haemoglobin typing data contains eight attributes as
shown in Table 1. The attributes in classifier evaluation samples have
been discretised using the information-theoretic technique [26]
described in Section 2.2. The discrete interval of each attribute is
illustrated in Table 3. After applying the correlation-based feature
selection technique [27] described in Section 2.3 to the discretised
attribute set, it is found that attributes 3 and 5 are redundant and can
be omitted from the classification task. This decision is based on the
merit scores shown in Table 4. These two attributes are related to
unknown haemoglobin. This implies that each thalassaemia abnorm-
ality can be described by a unique combination of known types of
haemoglobin.

3.2. Classifier performance evaluation

Three candidate classifiers—a multilayer perceptron, C4.5 and
random forests—are benchmarked using the reduced-attribute eva-
luation data in stratified 10-fold cross-validation experiments [36]. All
three classifiers can take both continuous- and discrete-valued
attributes. The best network size for multilayer perceptron is
identified by varying the number of hidden nodes. The numbers of
hidden nodes used in the trial are 10, 15, 20 and 25. The training
process of each multilayer perceptron is terminated prior to the
occurrence of data over-fitting. The appropriate number of training
epochs is identified via a training and validation approach [35]. A
validation data set is generally employed to detect the point where
the training error continues to decrease while the validation error
starts to increase. This is the point where data over-fitting usually
occurs. In this investigation, 10% of samples in the data set are used as
the validation set.

In contrast to parametric techniques such as neural networks,
random forests avoid the occurrence of data over-fitting by con-
structing multiple trees for the ensemble. In this implementation, the
ensemble is made up from ten trees. Although this setting is
significantly less than the number of trees recommended by Breiman
[19], which is between 100 and 200, empirical studies indicate that
the difference in the classification accuracy of random forests with 10
and 100 trees in this application is negligible. Similar to random
forests, C4.5 also has a built-in mechanism for data over-fitting

Table 3
Discrete intervals of the attributes.

Attribute Type of haemoglobin Interval

1 Hb Bart's

% of haemoglobin

Hb<1.85
1.85<Hb<4.70
4.70<Hb<7.95
7.95<Hb<10.40
10.40<Hb<23.00
Hb>23.00
Hb<0.35
0.35<Hb<3.50
3.50<Hb<15.25
15.25<Hb<24.35
2435<Hb<67.75
Hb>67.75
Hb>0.00
Hb<13.05
13.05<Hb<50.70
50.70<Hb<62.35
62.35<Hb <65.95
65.95<Hb<73.80
Hb>73.80
Hb<0.50
Hb>0.50

Hb <6.60
6.60<Hb<20.00
20.00<Hb <25.55
25.55<Hb<37.90
37.90<Hb<81.00
Hb>81.00
Hb<0.40
0.40<Hb<2.15
2.15<Hb<3.65
Hb>3.65
Hb<0.05
0.05<Hb<12.20
Hb>12.20

2 Hb Aic, Hb F

w

Unknown
4 Hb Ao

5 Unknown

6 Hb E

7 Hb A,

8 Hb D, Hb S, Hb Constant Spring, Hb C

WN = A WNLOODURARWNRLRNL,OUOURARWNS=S0O0RNWN=SLOOOUAWN=

avoidance. However, since C4.5 produces a single decision tree, data
over-fitting is avoided by employing a rule post-pruning strategy [18].

The classification performance of the multilayer perceptron, C4.5
and random forests on reduced-attribute data obtained from stratified
10-fold cross-validation is summarised in Table 5. The results from
each classifier are obtained from 30 runs where new cross-validation
folds are generated for each run. The results suggest that for this task,
discrete-valued attributes appear to be better than continuous-valued
attributes at representing the problem inputs. In addition, decision
trees also have higher classification accuracy than multilayer
perceptrons in which C4.5 possesses the highest performance. These
results can be interpreted as follows.

Firstly, consider the results from multilayer perceptrons with
different number of hidden nodes. In the case of continuous-valued
attribute, an increase in the number of hidden nodes leads to a
significant increase in the classification accuracy. Hence, the most
suitable number of hidden nodes is 25. The statistical significance is

Table 4

Merit scores for subsets of discrete-valued attributes.

Number of attributes Attribute subset Merit score
1 {Attrg} 0.6905
2 {Attrs, Attrg} 0.7667
3 {Attr,, Attry, Attrg} 0.8178
4 {Attr,, Attry, Attre, Attr;} 0.8436
5 {Attry, Attr,, Attr,, Attrg, Attr} 0.8521
6 {Attry, Attr,, Attry, Attrg, Attry, Attrg} 0.8558
7 {Attrq, Attr, Attry, Attrs, Attrg, Attr;, Attrg} 0.8313
8 {Attry, Attr,, Attrs, Attry, Attrs, Attrg, Attry, Attrg} 0.5994

The displayed subsets are the subsets identified by a hill-climbing search. The merit
scores indicate that attributes 3 and 5 are redundant and can be eliminated. Since the
total number of attributes is relatively small, an exhaustive search for the best attribute
subset is also carried out. The exhaustive search confirms that the displayed six-
attribute subset is the optimal subset.
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Table 5
Classification performance of the multilayer perceptron, C4.5 and random forests.

Index Attribute C4.5 Random Multilayer perceptron
forests 10 nodes 15 nodes 20 nodes 25 nodes
Accuracy (%) Continuous 93.13 (0.82) 94.40 (1.01) 90.13 (1.17) 92.02 (1.34) 91.89 (1.08) 93.07 (1.16)
Discrete 97.24 (0.89) 96.00 (1.15) 92.56 (0.94) 93.24 (0.69) 93.38 (0.78) 93.44 (0.76)
Sensitivity (%) Continuous 93.13 (0.82) 94.40 (1.01) 90.13 (1.17) 92.02 (1.34) 91.89 (1.08) 93.07 (1.16)
Discrete 97.24 (0.89) 96.00 (1.15) 92.56 (0.94) 93.24 (0.69) 93.38 (0.78) 93.44 (0.76)
Specificity (%) Continuous 99.40 (0.10) 99.50 (0.11) 99.14 (0.13) 99.32 (0.13) 99.31 (0.13) 99.40 (0.11)
Discrete 99.78 (0.07) 99.68 (0.11) 99.37 (0.08) 99.45 (0.10) 99.46 (0.09) 99.42 (0.08)

The results are averaged over 30 runs of stratified 10-fold cross-validation. The numbers in the brackets are standard deviations. The discretisation of attribute values leads to a
statistically significant improvement in classification accuracy of all three classifiers (p<0.05).

determined via a t-test at a 95% confidence level where the results
from different neural network settings are compared in a pair-wise
manner. In contrast, the appropriate number of hidden nodes for the
network that takes discrete-valued attributes is 15. This is because an
increase in the number of hidden nodes does not produce a
statistically significant change in classification accuracy after the
number of hidden nodes is greater than 15. Nonetheless, further
exploration of appropriate number of hidden nodes for the network
with continuous-valued attributes appears to be unnecessary since a
change in the classification accuracy is more driven by a transition
from continuous-valued attributes to discrete-valued attributes.

The classification accuracy of decision trees is now compared.
Random forests outperform C4.5 when continuous-valued attributes
are used. However, C4.5 has higher classification accuracy than
random forests in the case of discrete-valued attribute. Further
inspection on the effect of attribute discretisation reveals that
changing attribute representation can significantly improve classifi-
cation performance of both neural networks and decision trees. In
addition, this improvement is more prominent in C4.5 than random
forests. This makes C4.5 with discrete-valued attributes the best
decision tree classifier in this application.

Finally, the classification accuracy of multilayer perceptrons and
C4.5 is compared. With the use of discrete-valued attributes, C4.5
outperforms the multilayer perceptron with 15 hidden nodes by 4%.
This helps to confirm that the best classifier for the task at hand is
C4.5. In addition to the superiority in accuracy, a single decision tree
produced by C4.5 can give further insight into the relationship
between attributes and output classes. The C4.5 decision tree, which is
constructed using all classifier benchmarking samples, is illustrated in
Fig. 4. In Fig. 4, the tree has the maximum depth of four in which
attribute 6, which represents Hb E, is located at the root node. This
attribute alone can be used to identify four classes including an EA
Bart's disease, a person with both a-thalassaemia 1 trait and Hb E
trait, a person with Hb E trait and a person with homozygous Hb E. A
direct relationship between the Hb E attribute and three output
classes among the mentioned classes is obvious. Together with the use
of other attributes, a similar explanation can be deduced from the tree.
It is noticed that the decision tree can be further simplified by merging
a number of adjacent leave nodes that lead to the same class
prediction into one node. These extra leave nodes are the result of the
attribute discretisation prior to the tree construction.

3.3. Clinical trial

In the previous sub-section, C4.5 with discrete-valued attributes is
proven to be the best approach for thalassaemia classification. In
addition, the decision tree generated by C4.5 can also be represented by
a set of decision rules; this is convenient for diagnostic interpretation.
C4.5 has subsequently been used in a clinical trial involving 1000
samples. The distribution of classes within the sample set has been given
in Table 2. The C4.5 decision tree illustrated in Fig. 4 is directly applied to
the clinical trial data set where classification accuracy of 93.1%
(sensitivity =93.1% and specificity =99.5%) has been achieved. In

addition, the clinical trial data set with attribute discretisation and
reduction is randomly split five times into 75% for training and 25% for
testing of a C4.5 decision tree. The classification accuracy of 95.0%
(sensitivity =95.0% and specificity =99.4%) has subsequently been
achieved. A higher accuracy for this latter case is to be expected since the
clinical trial data are used both to train and to test the C4.5 decision tree.
The classification errors can be divided into three main categories: a
misclassification within the same super-group, a false prediction of high
severity and a false prediction of low severity. The categorisation of
errors in this manner is crucial since the problem covers multiple types
of abnormality. These error categories can be explained as follows.

The misclassification within the same super-group occurs when
either a person with thalassaemia trait is identified as being a person
with another type of thalassaemia trait, or a thalassaemic patient is
misdiagnosed as being another type of patient. In this study, the persons
with thalassaemia trait, thalassaemic patients and normal subjects are
clustered into three super-groups based upon the severity of the
exhibited thalassaemic characteristics. The details of all three super-
groups are given in Table 6. From Table 6, the super-groups are made up
from the minor trait/normal super-group, the major trait super-group
and the disease super-group. It is noticed that normal subjects are
gathered into the minor trait/normal super-group that also contains
persons with Hb Constrant Spring and Hb E traits. They are grouped
together since the blood characteristics of the sample within this super-
group are very similar. Using the same argument, homozygous Hb E
samples are placed in the same super-group as mixed a-thalassaemia 1
and Hb E trait, B-thalassaemia trait and abnormal haemoglobin samples.

The last two types of classification error are the false predictions of
low and high severity. In this study, the false prediction of high
severity refers to the situation when a sample is misidentified as
belonging to a super-group with a higher severity of thalassaemic
characteristics. On the other hand, the false prediction of low severity
refers to the case when a sample is misclassified as being a member of
a super-group with a lower severity of thalassaemic characteristics.

The numbers of misclassified samples, which are extracted from
confusion matrices are given in Tables 7 and 8. It can be clearly seen
that most of classification errors stem from samples in the minor trait/
normal and major trait super-groups. The summary of classification
errors from Tables 7 and 8 can be expressed as percentages as given in
Table 9. It is noticeable that the misclassification within the disease
super-group and the false predictions of severity levels for samples
from thalassaemic patients are low. This agrees with the previous
observation regarding the primary cause of errors.

4. Conclusions and further works

In this article, a thalassaemia classification problem is investigated.
The objective is to identify automatically whether the human subject
is a person with abnormal haemoglobin, a person with thalassaemia
trait, a thalassaemic patient, or a normal person using haemoglobin
typing data from HPLC. The derived data sets contain eight input
features or attributes and 14 distinct classes. Each attribute reflects
the percentage of haemoglobin at a specific chromatographic
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Fig. 4. C4.5 decision tree which is constructed using discretised attributes. A set of screening rules can be extracted from the decision tree. For example, if the percentage of Hb E in a
blood specimen is less than or equal to 6.60 while the combined percentage of Hb A;c and Hb F from the same specimen is between 24.35 and 67.75, then it is most likely that the

specimen is taken from an HPFH patient.

retention time. In other words, the attribute set covers multiple types
of haemoglobin. The investigation is divided into two main parts: a
classifier selection and a clinical trial. Candidate classifiers for the task
include a multilayer perceptron, a C4.5 decision tree and random

Table 6
Clustering of persons with abnormal haemoglobin, persons with thalassaemia trait,
thalassaemic patients and normal subjects into three super-groups.

Minor trait/normal Major trait Disease

a-Thalassaemia 1 Hb H disease
trait + Hb E trait
Hb Constant Spring trait Homozygous Hb E Hb H disease with Constant Spring
Hb E trait B-Thalassaemia trait EA Bart's disease
Abnormal haemoglobin HPFH disease
Homozygous B-thalassaemia
B°-Thalassaemia/Hb E
BT -Thalassaemia/Hb E

Normal subject

Table 7
Detailed classification errors from applying the C4.5 decision tree in Fig. 4 to 1000
samples in the clinical trial.

Actual class Identified class (number of misclassified samples)

Minor/normal Major trait Disease

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Minor 1 19 2 6 2
2 1 1
3 9
Major 4 1 1 3
5 5
6 6 4 1 1
7 1 1 2 1 1
Disease 8
9
10
11 1
12
13
14

Persons with abnormal haemoglobin are treated as persons with major thalassaemia
trait due to their similarity in the blood characteristics.

The description of each class has been given in Table 2. Almost all classification errors
can be traced back to samples in the minor trait/normal and major trait super-groups.
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Table 8
Detailed classification errors from the C4.5 decision tree which is trained and tested
with 1000 samples in the clinical trial.

Actual class Identified class (number of misclassified samples)

Minor/normal ~ Major trait Disease
1 2 3 4 5 6 7 8 9 10 11 12 13 14
Minor 1 4 4 2
2
3 10
Major 4 2 3
5 3
6 5 3
7 1 4 1
Disease 8 4
9
10 2
1 2
12
13
14

The description of each class has been given in Table 2. The numbers of misclassified
samples are displayed in a manner that they can be directly compared against the
numbers in Table 7. Similar to the results in Table 7, almost all classification errors can
be traced back to samples in the minor trait/normal and major trait super-groups.

forests. The study involving stratified 10-fold cross-validation reveals
that C4.5 is the most suitable classifier for the data that have been pre-
processed by attribute discretisation and reduction. Subsequently,
C4.5 is applied in the clinical trial and further analysis of the
classification error indicates that the misclassification among disease
classes and the false predictions of severity levels for samples from
thalassaemic patients are low. This helps emphasise the suitability of
(4.5 as an automated thalassaemic classification tool.

In order for the proposed automated classification procedure for
thalassaemia screening to be applicable in clinical settings, a larger
clinical trial may still be required. However, since C4.5 is the chosen
classifier, an additional trial can be easily carried out. This is because a
set of decision rules can be extracted from the tree illustrated in Fig. 4.
The decision rules can subsequently be implemented in many user-
friendly computer programs including spreadsheets and databases.
This is an additional advantage of using C4.5 over a multilayer
perceptron and random forests.

With the availability of knowledge regarding the relationship
between haemoglobin typing inputs and thalassaemic class outputs
and that between CBC inputs and similar outputs [14], the most
obvious further study is to employ both types of inputs in the
classification task. Since CBC and haemoglobin typing are always

Table 9
Summary of classification errors from the clinical trial.

Type of classification error Classification error

(%)
Table 7 Table 8
Misclassification within the same super-group 2.2 0.8
Misclassification within the minor trait/normal super-group 1.9 0.4
Misclassification within the major trait super-group 03 04
Misclassification within the disease super-group 0.0 0.0
False prediction of high severity 33 23
Minor trait/normal identified as major trait 1.1 14
Major trait identified as disease 1.2 0.7
Minor trait/normal identified as disease 1.0 0.2
False prediction of low severity 14 1.9
Disease identified as major trait 0.1 0.2
Major trait identified as minor trait/normal 1.3 1.1
Disease identified as minor trait/normal 0.0 0.6
Total 6.9 5.0

The errors are described in terms of misclassification within the same super-group,
false prediction of high severity and false prediction of low severity.

carried out for a laboratory diagnosis of thalassaemia, it is not difficult
to acquire both types of data from the same blood specimen. In
addition to thalassaemia classification, another possible further work
is to apply the procedure for extracting informative features from
chromatograms as described in this article to other pattern recogni-
tion problems. Examples of classification problems that involves the
inspection of chromatograms include a diagnosis of liver and bile
diseases [37], determination of herb's origins [38], differentiation of
tea varieties [39] and ink identification for forensic purposes [40].
These examples illustrate that a wide range of chemometric
applications can benefit from the feature extraction procedure
explained in this investigation.
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1. Introduction

ABSTRACT

This article presents the classification of blood characteristics by a C4.5 decision tree, a naive Bayes clas-
sifier and a multilayer perceptron for thalassaemia screening. The aim is to classify eighteen classes of
thalassaemia abnormality, which have a high prevalence in Thailand, and one control class by inspect-
ing data characterised by a complete blood count (CBC) and haemoglobin typing. Two indices namely a
haemoglobin concentration (HB) and a mean corpuscular volume (MCV) are the chosen CBC attributes.
On the other hand, known types of haemoglobin from six ranges of retention time identified via high
performance liquid chromatography (HPLC) are the chosen haemoglobin typing attributes. The stratified
10-fold cross-validation results indicate that the best classification performance with average accuracy
of 93.23% (standard deviation=1.67%) and 92.60% (standard deviation=1.75%) is achieved when the
naive Bayes classifier and the multilayer perceptron are respectively applied to samples which have
been pre-processed by attribute discretisation. The results also suggest that the HB attribute is redun-
dant. Moreover, the achieved classification performance is significantly higher than that obtained using
only haemoglobin typing attributes as classifier inputs. Subsequently, the naive Bayes classifier and the
multilayer perceptron are applied to an additional data set in a clinical trial which respectively results
in accuracy of 99.39% and 99.71%. These results suggest that a combination of CBC and haemoglobin
typing analysis with a naive Bayes classifier or a multilayer perceptron is highly suitable for automatic
thalassaemia screening.

© 2011 Elsevier Ltd. All rights reserved.

cell [2]. The globin protein contains two components: @-globin and
B-globin. The «-globin and B-globin synthesis is regulated by genes

Thalassaemia is a genetic disease that has a high prevalence in
Thailand [1]. It is a result of an abnormality in genes that govern the
formation of a protein called globin, which is a major component
of haemoglobin (Hb). Since each red blood cell contains approx-
imately 300 million molecules of haemoglobin, a modification of
globin structure affects the cell structure and functionality. This
subsequently leads to the reduction in the life span of a red blood
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Engineering, King Mongkut’s University of Technology North Bangkok, 1518 Pibool-
songkram Road, Bangsue, Bangkok 10800, Thailand. Tel.: +66 2 9132500x8410;
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(N. Chaiyaratana).

1746-8094/$ - see front matter © 2011 Elsevier Ltd. All rights reserved.
doi:10.1016/j.bspc.2011.03.007

on chromosomes 16 and 11, respectively. Since the transmission
mode of abnormal genes is autosomal recessive, a person must have
two copies of a recessive gene on the same chromosome to develop
the disease. In general, blood characteristics are analysed during
the course of disease diagnosis. A complete blood count (CBC) and
haemoglobin typing are the primary screening tests for a laboratory
diagnosis of thalassaemia. Nonetheless, there is still a limitation in
the data analysis due to a large number of candidate blood char-
acteristics. Moreover, there are many types of thalassaemia and
thalassaemia trait. (Persons with thalassaemia trait do not have the
disease but inherit genes the cause the disease.) As a result, manual
diagnosis is needed to be carried out by trained professionals [3-6].

Early attempts to develop an automatic diagnostic tool involve
CBC data analysis using image processing [7], statistical [8] and
clustering techniques [9]. Later, the research interest has shifted
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to the use of expert systems where both rule-based [10-12] and
hybrid neural network/rule-based systems [13] have been suc-
cessfully implemented for clinical trials. Nonetheless, these tools
broadly differentiate between a wide range of blood disorders
including various types of anaemia. As a result, many subsequent
research works focus on the development of a diagnostic tool that
only differentiates between thalassaemic patients, persons with
thalassaemia traits and normal subjects. These works cover the
implementation of a multilayer perceptron [14-16], a k-nearest
neighbour technique [15], a support vector machine [15] and
genetic programming [16] as thalassaemic diagnostic tools. Among
these machine learning techniques, the multilayer perceptron
emerges as the most suitable tool for the thalassaemia classi-
fication problem in Thailand [16] which covers higher varieties
of haemoglobinopathies than other countries [1]. The multilayer
perceptron is capable of handling a problem with 13 classes of
thalassaemia abnormality and two classes of normal subjects with
and without iron deficiency. However, the classification accuracy
during the clinical trial that covers 300 samples is only 81.6% [16].

A significant improvement in thalassaemia classification accu-
racy has been achieved through the application of machine learning
techniques in conjunction with haemoglobin typing inputs. The
techniques that have been applied to the problem include a C4.5
decision tree, a random forest and a multilayer perceptron. The
C4.5 decision tree is proven to be the most suitable technique
where the classification accuracy during a clinical trial involving
1000 samples from 13 classes of thalassaemia abnormality and
a normal subject class is 93.1% [17]. The improvement in classi-
fication accuracy can be achieved because CBC and haemoglobin
typing data represents different aspects of blood characteristics.
CBC information is useful for the diagnosis of various types of
anaemia [10] while haemoglobin typing information can confirm
the haemoglobinopathies [18]. Nonetheless, haemoglobin typing
alone is insufficient for the classification between certain types of
thalassaemia abnormality. For instance, haemoglobin typing char-
acteristics cannot be used to differentiate between a person with
a-thalassaemia 1 trait, a person with «-thalassaemia 2 trait and a
normal subject [19].

Since both CBC and haemoglobin typing data are usually avail-
able for the laboratory diagnosis of thalassaemia, an attempt to
develop an automated diagnostic tool that takes both forms of data
should be carried out. Consequently, this should lead to an improve-
ment of classification accuracy. In this article, the possibility of
using CBC and haemoglobin typing data in thalassaemia classifi-
cation by machine learning is investigated. The choices of machine
learning technique include a multilayer perceptron, a C4.5 deci-
sion tree and a naive Bayes classifier. The first two techniques are
chosen because they are proven to be suitable in the early inves-
tigations involving CBC [16] and haemoglobin typing inputs [17],
respectively. In contrast, a naive Bayes classifier is selected due to
its classification efficacy and implementation simplicity [20]. As a
result, it is common to provide classification accuracy achieved by
a naive Bayes classifier as a comparison baseline [20,21].

With the availability of CBC and haemoglobin typing data and
selected choices of machine learning technique, an investigation
can be conducted as follows. Firstly, the data is pre-processed via
input attribute discretisation. Informative attributes identified in
the previous works [16,17] are discretised since it has been reported
that a proper discretisation of continuous-valued attributes can
significantly improve the classification accuracy of both multi-
layer perceptron and C4.5 decision tree [17]. The attributes are
thus discretised via an information-theoretic technique proposed
by Fayyad and Irani [22]. As a result, the data with discrete-
valued attributes is available for classifier benchmarking. Since
the information contained within the CBC attributes and neces-
sary for the classification may overlap with that contained within

the haemoglobin typing attributes, redundant attributes that can
be removed without affecting the classification accuracy are also
identified during classifier benchmarking. Correlation analysis via
symmetrical uncertainty measurement [23] is subsequently per-
formed on the attributes necessary for the classification. After the
classifier performance evaluation is completed, the best classifier
together with the pruned attribute set is chosen for a clinical trial
involving a separate data set. This independent data set contains
more samples than those in the early clinical trials by Wongseree
etal.[16] and Piroonratana et al. [17]. Finally, classification analysis
of the clinical trial results is carried out to determine the feasibil-
ity of the chosen classifier and pruned attribute set. Every step in
the procedure described above is illustrated in Fig. 1 and is imple-
mented using a WEKA package [24].

The organisation of this article is as follows. In Section 2, mate-
rials and methods are explained. These include the description
of CBC and haemoglobin typing data, an information-theoretic
attribute discretisation technique, symmetrical uncertainty, a C4.5
decision tree, a naive Bayes classifier and a multilayer perceptron.
The results from attribute discretisation, classifier benchmarking
together with redundant attribute identification and a clinical trial
are then discussed in Section 3. Finally, the conclusions are given
in Section 4.

2. Materials and methods
2.1. CBC and haemoglobin typing data sets

The data sets for thalassaemia classification consist of various
blood characteristics obtained through CBC and haemoglobin typ-
ing. In this study, the data sets consist of eight input attributes.
Details of these attributes are given in Table 1. The first two
attributes are obtained through CBC: a haemoglobin concentra-
tion (HB) and a mean corpuscular volume (MCV). These two
attributes are chosen since they are proven to be highly infor-
mative in the early studies [15,16]. The last six attributes are
obtained through haemoglobin typing. Multiple haemoglobin typ-
ing attributes, characterised through the use of high performance
liquid chromatography (HPLC) [25], are necessary for classifica-
tion since a blood specimen generally contains more than one
type of haemoglobin. As a result, many types of thalassaemia
abnormality can be identified through the difference in propor-
tion of haemoglobin contents [19,26,27]. The haemoglobin typing
attributes are extracted from elution chromatograms [28]. Typical
elution chromatograms of two different specimens are illustrated
in Fig. 2. The first chromatogram shows that the specimen is mostly
made up from Hb Ay. If the MCV value obtained via CBC is greater
than 75 fL, this specimen is most likely to be taken from a normal
person. Otherwise, this specimen must be obtained from a person
with a-thalassaemia 1 trait. The second chromatogram indicates
that the specimen consists of Hb Ag and Hb E. This means that
the specimen is taken from a person with Hb E trait. It is notice-
able that some types of thalassaemia abnormality can be diagnosed
via haemoglobin typing analysis alone while the diagnosis of other
types requires both CBC and haemoglobin typing information. Fig. 2
alsoillustrates that different types of haemoglobin are detectable in
the form of elution peaks at different retention times. Hence, a chro-
matogram can be divided into multiple sections where each section
occupies a non-overlapping range of retention time. Consequently,
each chromatogram section represents a unique attribute for the
classification where the percentage of haemoglobin in the elution
profile corresponds to the attribute value. The last six attributes
and the associated types of haemoglobin are also summarised in
Table 1. It is noticed that two attributes representing the elution
profiles which occupy the retention time between 161 and 199 s
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Fig. 1. Schematic diagram for the methodology employed in the study.

and between 231 and 249s are not needed. These two attributes
correspond to unknown types of haemoglobin and are proven to be
uninformative for the classification task [17].

Two confirmed diagnosis data sets are acquired for this study.
The first data set is created for the evaluation of classifier perfor-
mance while the second set is used in a clinical trial. The data set
for the classifier evaluation consists of 1402 samples which repre-
sent the majority of blood specimens from adults that need to be
screened for thalassaemia. On the other hand, the data set for the

Table 1

Input features or attributes for thalassaemia classification. The first two attributes
are CBC attributes while the last six attributes represent different types of
haemoglobin.

Attribute Attribute name Description (measurement
unit)

1 HB Haemoglobin concentration
(gram/decilitre, g/dL)

2 MCV Mean corpuscular volume
(femtolitre, fL)

3 Hb Bart’s Percentage of haemoglobin at
retention time 0-68 s (%)

4 Hb Aic/Hb F Percentage of haemoglobin at
retention time 69-160s (%)

5 Hb A Percentage of haemoglobin at
retention time 200-230s (%)

6 Hb E Percentage of haemoglobin at
retention time 250-280s (%)

7 Hb A, Percentage of haemoglobin at
retention time 281-289s (%)

8 Hb D/Hb S/ Percentage of haemoglobin at

Hb Constant
Spring/
Hb C

retention time 290-320s (%)

clinical trial contains 8054 samples and is at least eight times larger
than those from the previous studies [16,17]. The clinical trial data
set represents a typical distribution of specimens which are sub-
mitted for screening during a fixed time period. Both data sets are

Fig. 2. Elution chromatograms of (a) either a normal specimen or a specimen from a
person with a-thalassaemia 1 trait depending on the MCV value and (b) a specimen
from a person with Hb E trait that are obtained from an Hb Gold HPLC system. RT(s)
represents the retention time in seconds for each fraction of elute. % of Hb represents
the percentage of haemoglobin in the elution peak.
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Two data sets for thalassaemia classification. The first set contains 1402 samples and is used for classifier benchmarking. The second set consists of 8054 samples which are

collected for a clinical trial.

Class Description Category Number of samples
Classifier benchmarking Clinical trial

1 Normal subject Normal 78 436
2 «-Thalassaemia 2 trait Trait 150 978
3 Hb Constant Spring trait Trait 23 10
4 Hb E trait Trait 548 4292
5 Hb E trait + Hb Constrant Spring trait Trait 6 1
6 Hb E trait +abnormal haemoglobin Trait 5 0
7 «-Thalassaemia 1 trait Trait 180 1008
8 a-Thalassaemia 1 trait +Hb E trait Trait 116 431
9 Homozygous Hb E Trait 105 571
10 pB-Thalassaemia trait Trait 74 267
11 HPFH Trait 9 1
12 Abnormal haemoglobin N/A 11 1
13 Hb H disease Disease 39 27
14 Hb H-Constant Spring disease Disease 5 0
15 Homozygous Hb Constant Spring Disease 8 0
16 EA Bart’s disease Disease 11 1
17 B°-Thalassaemia/Hb E Disease 15 22
18 B*-Thalassaemia/Hb E Disease 9 3
19 Homozygous f-thalassaemia Disease 10 5

Total 1402 8054

collected from Siriraj Hospital, Bangkok, Thailand during 1 January
2007 and 31 December 2008. The data acquisition has been con-
ducted in accordance with the Faculty of Medicine Siriraj Hospital
Ethics Committee’s guideline and in accordance with the Helsinki
Declaration. In addition, informed consent has been obtained from
all individuals. The description of both data sets is summarised in
Table 2. The samples are made up from seven groups of thalas-
saemic patients, ten groups of persons with thalassaemia trait, one
group of persons with abnormal haemoglobin and one group of nor-
mal subjects. Some types of thalassaemia abnormality in the data
set for classifier benchmarking are not presented in the specimens
collected for the clinical trial. In other words, the classifier bench-
marking data set covers more types of thalassaemia abnormality
than those presented in the data set for clinical trial. This is carried
out to increase the possibility of using the chosen classifier in other
data sets without or with minimal additional classifier training.

2.2. Attribute discretisation

The thalassaemia data sets are pre-processed by means of
attribute discretisation. The discretisation technique selected for
this study is developed by Fayyad and Irani [22]. The technique,
which has been successfully applied in an early investigation
into thalassaemia classification [17], is an information-theoretic
technique that employs entropy-based splitting and minimum
description length stopping criteria. A chosen cut point within the
range of each attribute value is ensured to lie at aboundary between
two classes. A new cut point is introduced recursively to each sam-
ple subset and is accepted if a significant information gain—the
difference between the information values before and after the
split—isachieved. The class entropy of a sample set S, which consists
of samples from |C| classes, is defined as

Ent(S) =~ p(c) log, p(c) o))

ceC

where p denotes the probability and cis a class. A cut point T, which
is performed on an attribute A of the sample set S, creates a partition
that has the class information entropy

151 IS2]

E(A,T,S) = ﬁEnt(S1)+ ﬁEnt(Sz) (2)

where S; and S, are the sample subsets of S and S; +S; =S. The cut
point T is accepted according to the minimum description length
stopping criterion if and only if

log,(IS1 - 1) n log, (3! — 2) — [ICIEnt(S) — |C1 [Ent(S:1) — |G |Ent(S2)]

Gain(A, T, S) >
s 5 5

3)

where |C;| and |C;| are the numbers of classes in the subsets S; and
S,, respectively and Gain(A, T, S) is the information gain of the cut
point, which is defined as

151 152

Gain(A, T, S) = Ent(S) — ﬁEnt(Sl) - ﬁEnt(Sz). (4)

2.3. Symmetrical uncertainty

Symmetrical uncertainty is an information-theoretic measure
discussed by Press et al. [23] that defines a correlation between
two discrete-valued variables. Consider a sample set in which each
sample is described by m discrete-valued attributes Ay, . . ., Am. The
entropy of an attribute A; before and after observing an attribute A;
is respectively given by

H(A) == pla;) log; p(a;) (5)
a; €A;
and
H(AiA) = = p(a) Y plaila;) logyp(aila;) (6)
aj eAj a; eA;

where q; is a value of the attribute A; and g; is a value of the attribute
Aj. The degree of correlation between attributes A; and A; can be
estimated via symmetrical uncertainty (SU) which is defined by

H(A;) — H(AjlA})
H(A;) +H(Aj)
H(A;) — H(AjlA))
H(A) + H(A;)
H(A) + H(A}) — H(A:, A))
H(A;) + H(Aj)

SU =2x

=2x (7)
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The value range of symmetrical uncertainty is [0,1]. An SU value
close to zero indicates a weak correlation while an SU value close
to one indicates a strong correlation [29].

2.4. (4.5 decision tree

A C4.5 decision tree is one of the most widely used inductive
inference tools [30]. The tree is generally constructed in a top-
down manner. The construction begins at the root node where each
attribute is evaluated using a statistical test to determine how well
it can classify the training samples. The best attribute is chosen as
the test at the root node of the tree. A descendant of the root node
is then created for either each possible value of this attribute if
it is a discrete-valued attribute or each possible discretised inter-
val of this attribute if it is a continuous-valued attribute. Next, the
training samples are sorted to the appropriate descendant node.
The process is repeated using the training samples associated with
each descendant node to select the best attribute for testing at that
point in the tree. This forms a greedy search for a decision tree, in
which the algorithm never backtracks to reconsider earlier node
choices. Although it is possible to add a new node to the tree until
all samples that are assigned to one node belong to the same class,
the tree is not allowed to grow to its maximum depth. Anode is only
introduced to the tree only when there are a sufficient number of
samples left from sorting. After the complete tree is constructed, a
tree pruning is usually carried out to avoid data over-fitting.

A statistical test used in C4.5 for assigning an attribute to each
node in the tree also employs an entropy-based measure. The
assigned attribute is the one with the highest information gain
ratio among attributes available at that tree construction point. The
information gain ratio GainRatio(A, S) of an attribute A relative to
the sample set S is defined as

. . Gain(A, S)

R A =
GainRatio(A, ) SplitInformation(A, S) ®)
where
Gain(A, S) = Ent(S) — %Ent(sa) ©)

acA

and

. . _ Sal 1Sal
Splitinformation(A, S) = — ﬁlogzﬁ. (10)

acA

Sq is the subset of S for which the attribute A has the value a.
Obviously, the information gain ratio can be calculated straight-
away for discrete-valued attributes. In contrast, continuous-valued
attributes are needed to be discretised prior to the information gain
ratio calculation.

2.5. Naive Bayes classifier

A naive Bayes classifier is a classification system in which the
class prediction is based on the application of Bayes theorem [31].
Consider a set of training samples where each sample is made up
from m discrete-valued attributes and a class from a finite set C.
The naive Bayes classifier can probabilistically predict the class of
an unknown sample using the available training sample set to cal-
culate the most probable output. The most probable class cyg of an

unknown sample with the conjunction ay, as, .. ., an is given by
cyg = argmax p(clag, az, ..., am). (11)
ceC

With the use of Bayes theorem, this expression can be rewritten as

CNp = argmax play, az, - .., amlc)p(c)
ceC play, az,...,am) (12)
= argmaxp(ay, dz, . .., amlc)p(c)

ceC

The naive Bayes classifier functions by assuming that the attributes
are conditionally independent given the class. In other words, given
the class of the sample the probability of observing the conjunction

a, dy, ..., Gy is the product of the probability of observing each

attribute:

plar, az, ..., amlc) = [ [p(aile). (13)
i

Substituting Eq. (13) into Eq. (12), the most probable class as pre-
dicted by the naive Bayes classifier is

cng = arg max p(c)] [ptailo)- (14)

ceC

A Laplace estimate [32] is used to calculate p(a;|c), that is

1Saq;icl +1

—_— 15
1Sel + 1A;] (15)

p(ajlc) =
where |Sq;|c| is the number of samples from the class c in which the
ith attribute (A;) has the value q;, |S¢| is the number of samples from
the class c and |A;| is the number of possible values for the attribute
A

2.6. Multilayer perceptron

Aneural network is aninterconnected group of artificial neurons
that uses a computational model for information processing. The
neural network selected for this study is a multilayer perceptron
[33]. The model of a neuron shown in Fig. 3(a) indicates that q input
signals are received by the neuron. These inputs are weighted and
summed together. The threshold, which is treated as an extra con-
nection weight, is then applied to the weighted-sum result. Thus,
the linear combiner output (z) or input to the activation function is
given by

z= Zwiu,- (16)

where u; is the ith input to the neuron and w; is the connection
weight for the for the input u;. In addition, ug=—1 and wyq is the
threshold. The neuron output (h(z)) is the output from the activa-
tion function and is denoted by

1

M) = T exp2y

(17)
As a result, the output signal from each neuron is limited by a
logistic sigmoid function. The neuron model described above is
used throughout the multilayer feed-forward network illustrated
in Fig. 3(b). The multilayer perceptron is implemented in this man-
ner because the early studies indicate that a multilayer perceptron
of this form works well with both CBC[16] and haemoglobin typing
inputs [17].

Since the multilayer perceptron is used as a classifier, the num-
ber of network inputs is equal to the number of attributes while
the number of network outputs is equal to the number of classes.
Each output neuron represents one of possible classes with the
highest-valued output taken as the network prediction. This is often
referred to as a 1-of-n output encoding technique [31]. In this study,
the network has a single hidden layer, which is a layer of neurons
that receive attributes as inputs and send signals to output neurons.
The number of neurons in the hidden layer is a design parameter
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Fig. 3. Schematic diagram of a multilayer perceptron: (a) computational model of a neuron and (b) feed-forward network with one hidden layer.

and can generally be set using a heuristic rule. The number of hid-
den nodes is set to [(number of attributes + number of classes)/2]
in this study [24].

The multilayer perceptron is trained by a back-propagation
algorithm. The algorithm employs a sample-by-sample updating
rule for adjusting connection weights. A training sample is pre-
sented to the network during the iteration. The signal is fed in a
forward manner through the network until the network output
is obtained. The error between actual and target network out-
puts is then calculated and used to adjust the connection weights.
The adjustment procedure, which is based on a gradient descent
method, is first applied to connection weights in the output layer.
Next, connection weights in the hidden layer are adjusted. The
iteration is completed when all connection weights have been
adjusted.

3. Results and discussions
3.1. Attribute discretisation

The original CBC and haemoglobin typing data contains eight
attributes as given in Table 1. The attributes in classifier evaluation
samples are discretised using the information-theoretic technique
[22] described in Section 2.2. The discrete intervals of each attribute
are illustrated in Table 3. The discrete intervals for attributes 3,
4, 6 and 8, which are haemoglobin typing attributes, are similar
to those reported in Piroonratana et al. [17] while more discrete
intervals for attributes 5 and 7 are introduced. This implies that the
discrete intervals for some attributes from the previous study by
Piroonratana et al. [17] are sufficient for the classification task in
the current study. However, new discrete intervals for the other
attributes are also required to accommodate more types of thalas-
saemia. Furthermore, a cut point at MCV=74.95fL is introduced
to attribute 2. This conforms to the expert rule explained earlier
for the differentiation between normal subjects and persons with
a-thalassaemia 1 trait.

3.2. Classifier performance evaluation

Three candidate classifiers—a C4.5 decision tree, a naive Bayes
classifier and a multilayer perceptron—are benchmarked using
the classifier evaluation data in stratified 10-fold cross-validation
experiments [34]. The training of a multilayer perceptron is ter-
minated prior to the occurrence of data over-fitting. The suitable
number of training epochs is chosen using a training and validation
approach [31]. Basically, a validation data set is employed to detect
the training epoch where the training error continues to decrease
while the validation error begins to increase. This is the point where
data over-fitting occurs. In this study, 10% of data samples are used
as the validation samples. In contrast to a multilayer perceptron,

Table 3

Discrete intervals of the attributes.

Attribute

Attribute name

Interval

Range

1

HB

MCV

Hb Bart’s

Hb Aic/Hb F

Hb Ao

HbE

Hb A,

Hb D/Hb S/Hb
Constant Spring/Hb C

AW N =

N= =m0 N U A WN =
- o

OO UL WN = N U WN = AS(DOO\ICDU'IAUJN—‘ DU A WN =
—_

—_

HB <8.65
8.65<HB <10.65
10.65<HB <14.55
HB>14.55

MCV <56.45

56.45<MCV <61.35
61.35<MCV <64.05
64.05<MCV <69.95
69.95<MCV <72.15
72.15<MCV <74.95
74.95<MCV <78.75
78.75<MCV <79.95
79.95<MCV <84.05
84.05<MCV <87.45
MCV >87.45

% of Hb <1.70
% of Hb>1.70

% of Hb <0.58

0.58<% of Hb <3.35
3.35<%of Hb <10.85
10.85<% of Hb <74.35
74.35 <% of Hb < 83.60
% of Hb>83.60

% of Hb < 1.05

1.05<% of Hb <49.10
49.10<% of Hb <52.75
52.75 <% of Hb < 62.85
62.85 <% of Hb < 65.15
65.15<% of Hb < 67.65
67.65<% of Hb <72.35
72.35<% of Hb < 77.05
77.05<% of Hb <83.25
83.25<% of Hb < 83.35
% of Hb > 83.35

% of Hb <7.70

7.70<% of Hb < 18.65
18.65 <% of Hb <24.95
24.95 <% of Hb < 40.75
40.75 <% of Hb <59.80
59.80<% of Hb < 75.80
% of Hb>75.80

% of Hb < 0.05

0.05<% of Hb < 1.05
1.05<%of Hb<2.15
2.15<%of Hb <2.55
2.55<%of Hb <3.55
3.55<%of Hb <11.40
11.40<% of Hb <20.10
% of Hb>20.10
% of Hb <0.05
% of Hb>0.05
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Table 4

Summarised classification performance of the C4.5 decision tree, naive Bayes clas-
sifier and multilayer perceptron. The results are averaged over 30 runs of stratified
10-fold cross-validation involving 1402 samples. The numbers in the brackets are
standard deviations.

Attribute set Accuracy (%)
C4.5 decision Naive Bayes Multilayer
tree classifier perceptron
Complete 89.88(1.74) 92.77 (1.74) 92.34(1.69)
Without HB 89.30(1.82) 93.23(1.67) 92.60 (1.75)
Without MCV 79.80(2.58) 80.49 (2.34) 77.04 (2.65)
Without both HB and MCV ~ 77.98 (2.23) 79.27 (2.13) 76.31 (2.44)

C4.5 has a built-in mechanism for data over-fitting avoidance. This
is achieved via a rule post-pruning strategy [30].

The classification performance of C4.5, a naive Bayes classi-
fier and a multilayer perceptron on the classifier evaluation data
obtained from stratified 10-fold cross-validation is summarised
in Table 4. The results from each classifier are tallied from 30
runs where new cross-validation folds are generated for each run.
The results obtained by excluding CBC attributes from classifier
inputs are also given for comparison purposes. The exclusion of
haemoglobin typing attributes from classifier inputs lead to unac-
ceptably low classification accuracy; these results are not shown.
It is noticeable that both naive Bayes classifier and multilayer per-
ceptron have the highest classification accuracy. Moreover, the use
of six haemoglobin typing attributes in conjunction with the MCV
attribute as classifier inputs is proven to be sufficient while the
HB attribute appears to be a redundant attribute. The symmetrical
uncertainty analysis of seven attributes necessary for the classifica-
tion in Table 5 reveals that only the Hb Ag, Hb E and Hb A, attributes
are moderately correlated among one another while the remaining
attributes are uncorrelated.

Among three classifiers, it can be clearly seen that both naive
Bayes classifier and multilayer perceptron have higher classifica-
tion performance than C4.5 when all attributes are used and when
only HB is not used as an input (t-test’s p-value <0.0001). More-
over, the performance difference between naive Bayes classifier
and multilayer perceptron in both cases is statistically insignif-
icant (p>0.05). However, when both HB and MCV are excluded
from classifier inputs the classification accuracy of C4.5 is signif-
icantly better than that of the multilayer perceptron (p<0.01). In
the early work by Wongseree et al. [16], which involves the appli-
cation of a multilayer perceptron and a genetic programming based
decision tree to the classification problem with CBC attributes,
the multilayer perceptron is proven to be the best classifier. In
contrast, C4.5 is proven to be the best classifier in comparison
to a multilayer perceptron and a random forest in the classifi-
cation problem with haemoglobin typing attributes [17]. Based
on the evidence from the early and present studies, it is possible
to deduce that C4.5 is more suitable to the problem when only
haemoglobin typing attributes are considered as inputs while a

Table 5

A symmetrical uncertainty (SU) analysis of six haemoglobin typing attributes and
the MCV attribute. An SU value close to zero denotes a weak correlation while an
SU value close to one denotes a strong correlation. The description of each attribute
has been given in Table 1.

Attribute 2 3 4 5 6 7 8

2 1.0000 0.0202 0.0196 0.0992 0.1360 0.0430 0.0031
3 1.0000 0.0043 0.0298 0.0543 0.0713 0.0606
4 1.0000 0.0921 0.0870 0.0473 0.0053
5 1.0000 0.4960 03130 0.0157
6 1.0000 0.4950 0.0231
7 1.0000 0.0202
8 1.0000

multilayer perceptron is more suitable to the problem that involves
CBC attributes.

As mentioned earlier, it is hypothesised that using both CBC
and haemoglobin typing attributes as inputs to the classifiers
should lead to an improvement in the classification accuracy. The
classification performance of each classifier clearly supports this
hypothesis where the difference between the classification accu-
racy obtained using all attributes and that using only haemoglobin
typing attributes is statistically significant (p <0.0001). Nonethe-
less, MCV is the only necessary CBC attribute for the classification.
This is deduced from the results which clearly indicate that the
difference between the classification accuracy obtained using all
attributes and that with the exclusion of HB attribute is not sta-
tistically significant (p>0.05). In addition, the removal of MCV
from the classifier inputs also leads to a significant degradation of
classification performance (p <0.0001). Further analysis of the clas-
sification accuracy reveals that the increase in classification error
mainly stems from an inability to differentiate between normal,
a-thalassaemia 1 trait and «-thalassaemia 2 trait samples. This con-
forms to the early explanation regarding the limitation of using
haemoglobin typing attributes as the sole inputs for the classifica-
tion task involving these three classes [17,19]. Although the early
studies by Amendolia et al. [15] and Wongseree et al. [16] suggest
that both HB and MCV are informative CBC attributes, it is most
likely that the use of haemoglobin typing attributes is sufficient to
satisfy the need for using the HB attribute.

It is observed that the redundancy of the HB attribute can
only be identified via the inspection of the variation in classifi-
cation accuracy after changing the attribute combination, which
is a simple form of wrapper attribute selection [35]. An attempt
to perform attribute selection by other techniques including a
correlation-based feature selection technique [20] and a ReliefF
technique [36] fails to identify this redundancy. These techniques
are considered because the attributes selected by the techniques
are not transformed, which makes the clinical interpretation of
results a straightforward task. Moreover, the correlation-based fea-
ture selection technique is proven to be capable of identifying
informative haemoglobin typing attributes in the early study by
Piroonratana et al. [17].

Detailed classification performance of all three classifiers
obtained without the HB inputis subsequently analysed. The results
from an example run of the stratified 10-fold cross-validation
given in Tables 6-8 indicate that the classification accuracy of each
classifier for the classes with a small number of samples is low.
Nonetheless, most of the misclassified samples from these classes
are identified as samples from classes which are closely related to
the true classes. For instance, mixed Hb E and Hb Constant Spring
trait samples as well as mixed Hb E and abnormal haemoglobin
samples are classified as Hb E trait, mixed a-thalassaemia 1 and
Hb E trait and homozygous Hb E samples. Similarly, samples
from persons with Hb H-Constant Spring disease are misclassified
as homozygous Hb Constant Spring samples and vice versa. The
results from other runs and from stratified 10-fold cross-validation
with other settings for attribute combination also have a similar
trend and hence are not shown.

Based on the above discussion of classification results, it can
be concluded that the necessary attributes for this study are six
haemoglobin typing attributes and the MCV attribute while the
suitable classifiers for use with these attributes are a naive Bayes
classifier and a multilayer perceptron. Moreover, a multilayer per-
ceptron is equally suitable to a naive Bayes classifier in terms of the
actual implementation for clinical trials. This is because the storage
of trained connection weights for a multilayer perceptron requires
a similar amount of space to that of probability values for a naive
Bayes classifier. In lieu of these reasons, a naive Bayes classifier and
amultilayer perceptron are the chosen classifiers for a clinical trial.
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Table 6
Detailed classification performance of the C4.5 decision tree from one run of stratified 10-fold cross-validation without the HB attribute. The classification accuracy is 89.90%, which sufficiently represents the average accuracy
of 89.30% (standard deviation = 1.82%) obtained from 30 runs. The description of each class has been given in Table 2.

Actual class Identified class (number of samples) Class acc. (%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
1 78 100.00
2 146 1 3 97.33
3 1 4 13 5 56.52
4 1 3 538 1 4 1 98.18
5 2 1 3 16.67
6 3 1 1 0.00
7 3 2 169 1 2 3 93.89
8 1 115 99.14
9 103 2 98.10
10 8 7 12 44 3 59.46
11 3 1 1 1 1 2 11.11
12 1 2 4 1 1 1 1 0.00
13 1 2 12 24 61.54
14 2 2 1 0.00
15 1 5 2 0.00
16 1 1 1 8 72.73
17 3 1 11 73.33
18 2 7 77.78
19 4 1 4 1 10.00
Table 7

Detailed classification performance of the naive Bayes classifier from one run of stratified 10-fold cross-validation without the HB attribute. The classification accuracy is 93.37%, which sufficiently represents the average accuracy
of 93.23% (standard deviation = 1.67%) obtained from 30 runs. The description of each class has been given in Table 2.

Actual class Identified class (number of samples) Class acc. (%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
1 74 2 2 94.87
2 145 3 1 1 96.67
3 2 21 91.30
4 1 1 540 3 1 2 98.54
5 2 4 0.00
6 2 1 2 0.00
7 3 1 169 1 4 2 93.89
8 6 110 94.83
9 104 1 99.05
10 3 2 1 63 5 85.14
11 3 1 1 4 44.44
12 1 1 2 2 1 2 1 1 0.00
13 1 5 33 84.62
14 1 2 2 40.00
15 3 2 3 37.50
16 1 10 90.91
17 1 14 93.33
18 2 7 77.78
19 10 100.00
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Table 8

Detailed classification performance of the multilayer perceptron from one run of stratified 10-fold cross-validation without the HB attribute. The classification accuracy is 92.65%, which sufficiently represents the average accuracy

of 92.60% (standard deviation = 1.75%) obtained from 30 runs. The description of each class has been given in Table 2.

Actual class Identified class (number of samples) Class acc. (%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
1 73 1 3 1 93.59
2 142 1 4 1 1 1 94.67
3 1 20 2 86.96
4 1 538 1 4 1 1 2 98.18
5 1 1 2 2 33.33
6 2 1 1 1 0.00
7 3 2 166 2 2 1 1 3 92.22
8 1 2 111 1 1 95.69
9 103 2 98.10
10 1 2 3 63 5 85.14
11 3 2 33.33
12 1 1 1 2 1 1 1 1 1 1 9.09
13 1 3 34 1 87.18
14 1 2 2 0.00
15 4 4 50.00
16 1 10 90.91
17 2 1 12 80.00
18 1 8 88.89
19 1 9 90.00
Table 9

Detailed classification performance of the naive Bayes classifier from the clinical trial involving 8054 samples. The classification accuracy is 99.39%. The description of each class has been given in Table 2.

Actual class Identified class (number of samples) Class acc. (%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
1 436 100.00
2 977 1 99.90
3 10 100.00
4 4291 1 99.98
5 1 0.00
6
7 1008 100.00
8 37 394 91.42
9 570 1 99.82
10 7 260 97.38
11 1 100.00
12 1 0.00
13 27 100.00
14
15
16 1 100.00
17 22 100.00
18 3 100.00
19 5 100.00

XXX=XXX ([ [0Z) XXX [0.3U0)) pup Suissado.d |pusis [paipawiolg / b 13 yOydLIsIas ‘d

:062-2dSd

L1 s98ed JO 'ON

[SPOND


dx.doi.org/10.1016/j.bspc.2011.03.007

GModel
BSPC-250; No.of Pages11

10 D. Setsirichok et al. / Biomedical Signal Processing and Control xxx (2011) xxx—Xxx
. 3.3. Clinical trial
@
S S93ms 2283388 segg . In the previous sul?—segtion, both naT\{e Baygs classifier and mul-
g Sgsgc gwsSsSsSss sSgssg tilayer perceptron with six haemoglobin attributes and the MCV
o - = e - == attribute are proven to be the best approach for thalassaemia clas-
sification. The naive Bayes classifier and the multilayer perceptron
o o are subsequently used in a clinical trial involving 8054 samples.
L - " The distribution of classes within the clinical trial data set has been
& given in Table 2. A naive Bayes classifier and a multilayer per-
E " ceptron, which are trained with classifier evaluation samples, are
g = l applied to the clinical trial data set where the classification accuracy
> 0f99.39% and 99.71% are respectively achieved. Detailed classifica-
_5.'? - tion performance of both classifiers is given in Tables 9 and 10. It
2 - = is noticeable that nearly all misclassified samples from both clas-
2 sifiers stem from mixed «-thalassaemia 1 and Hb E trait samples.
E ° They are classified as Hb E trait samples, which belong to the class
g - - that are closely related to the true class. This indicates that both
5 naive Bayes classifier and multilayer perceptron are highly suitable
§ - to the present classification problem.
o, —
3 4. Conclusions
gl |=
3¢ In this article, a thalassaemia classification problem in Thailand
o is investigated. The aim is to identify whether the human subject is
% ™ ~ a person with abnormal haemoglobin, a person with thalassaemia
g N trait, a thalassaemic patient or a normal person using complete
E blood count (CBC) and haemoglobin typing data. The data sets con-
5 o - tain eight attributes and 19 classes. The first two attributes are
g CBC attributes: a haemoglobin concentration (HB) and a mean cor-
U':J puscular volume (MCV). On the other hand, the last six attributes
% - — reflect the percentages of haemoglobin at a specific range of reten-
o tion time. In other words, these attributes represent different types
= of haemoglobin. The study is divided into two main parts: classifier
& S|l - ~ and attribute subset selection and a clinical trial. Candidate classi-
g S fiers for the task include a C4.5 decision tree, a naive Bayes classifier
5 and a multilayer perceptron. The experiment involving stratified
;’c'} o - = m 10-fold cross-validation reveals that both naive Bayes classifier and
& n multilayer perceptron are the most suitable classifier for the data
% that has been pre-processed by attribute discretisation. The exper-
2 o ® iment results also suggest that using both CBC and haemoglobin
}-} N typing attributes as classifier inputs can significantly improve the
% classification accuracy over that achieved using only haemoglobin
IE ~ - ’é typing attributes. Furthermore, the experiment results indicate that
S - HB is a redundant attribute for this study. The naive Bayes clas-
5 © ~ sifier and the multilayer perceptron are subsequently applied to
E an additional data set in a clinical trial. The analysis of classifica-
“E tion errors from the trial indicates that most of the misclassified
% n samples are identified as samples from classes which are closely
RN related to the true classes. This helps emphasise the suitability of a
a %:L naive Bayes classifier and a multilayer perceptron as an automated
% S| g s} thalassaemic classification tool.
£ |5 3
2|8
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