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Abstract. In human genetics it is now feasible to measure large num-
bers of DNA sequence variations across the human genome. Given cur-
rent knowledge about biological networks and disease processes it seems
likely that disease risk can best be modeled by interactions between bio-
logical components, which can be examined as interacting DN A sequence
variations. The machine learning challenge is to effectively explore inter-
actions in these datasets to identify combinations of variations which are
predictive of common human diseases. Ant colony optimization (ACO)
is a promising approach to this problem. The goal of this study is to ex-
amine the usefulness of ACO for problems in this domain and to develop
a prototype of an expert knowledge guided probabilistic search wrapper.
We show that an ACO approach is not successful in the absence of expert
knowledge but is successful when expert knowledge is supplied through
the pheromone updating rule.

1 Introduction

Researchers in the biological and biomedical sciences are now capable of gener-
ating enormous amounts of data. In human genetics it is now technically and
economically feasible to measure more than one million DNA sequence variations
from across the human genome. Here we focus on the single nucleotide polymor-
phism or SNP which is a single point in a DNA sequence that differs among
people. It is anticipated that at least one SNP occurs approximately every 100
nucleotides across the 3 x 10? nucleotide human genome. An important goal in
human genetics is the determination of which of the millions of SNPs are useful
for predicting who is at risk for common diseases. This “genome-wide” approach
is expected to revolutionize the genetic analysis of common human disease. The
charge for computer science and bioinformatics is the development of algorithms
for the detection and characterization of SNPs which are predictive of human
health and disease. Success in this endeavor will be difficult due to nonlinearity
in the genotype-to-phenotype mapping relationship that is due, in part, to epis-
tasis or nonadditive gene-gene interactions. The implication of epistasis from a
data mining point of view is that SNPs need to be considered jointly in learning
algorithms rather than individually. The challenge of modeling attribute inter-
actions has been previously described [I]. Due to the combinatorial magnitude
of this problem, intelligent analysis strategies are needed.
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1.1 Concept Difficulty

Combining the difficulty of modeling nonlinear attribute interactions with the
challenge of attribute selection yields for this domain what Goldberg [2] calls a
needle-in-a-haystack problem. That is, there may be a particular combination of
SNPs that together with the right nonlinear function are a significant predictor
of disease susceptibility. Considered individually they may not look any differ-
ent than thousands of other SNPs not involved in the disease process. Under
these models, the learning algorithm is truly looking for a genetic needle in a
genomic haystack. These epistatic interactions are thought to be widespread,
perhaps ubiquitous, among risk factors for these common human diseases [3].
A recent report from the International HapMap Consortium [4] suggests that
approximately 300,000 carefully selected SNPs may be necessary to capture all
of the relevant variation across the Caucasian human genome. Assuming this
is true (it is probably a lower bound), we would need to scan 4.5 x 10'° pair-
wise combinations of SNPs to find a genetic needle. The number of higher order
combinations is astronomical.

1.2 Ant Colony Optimization

Ant colony optimization (ACO) is a positive feedback approach to search mod-
eled on the behavior of ants [5]. Ant colony optimization is attractive for the area
of human genetics because it is a straightforward population based approach to
search which is easily parallelizable. Ant colony systems have previously been
applied to the mining of biological data. Parpinelli et al. [6] demonstrate their
AntMiner system as a rule discovery method on biological data. Here we begin
to develop a probabilistic search wrapper which can be integrated into the pub-
licly available Multifactor Dimensionality Reduction (MDR) software. But is ant
colony optimization suitable for a problem like this? Without expert knowledge
the answer would seem to be no. There is no reason to expect that an ACO
or any other wrapper method will perform better than a random attribute se-
lector because there are no building blocks for this problem when accuracy is
used as a metric of quality. The accuracy of any given classifier looks no better
than any other with just one of the two correct SNPs in the model. Indeed, we
have observed this in the field of genetic programming [7I8]. Subsequent work has
shown that by integrating expert knowledge into a genetic programming scheme,
it is possible to develop a wrapper that is able to perform better than a ran-
dom attribute selector [910]. Fortunately the ACO metaheuristic is amenable to
the inclusion of heuristic information. Work here examines whether or not it is
possible to integrate expert knowledge, our heuristic information, into an ACO
framework to develop a wrapper which performs well in this domain.

2 The Proposed Ant Colony Optimization Algorithm

Ant colony optimization is a particularly appropriate framework for this problem
because of its simplicity and the ease with which expert knowledge can be in-
cluded. For our work with genetic programming we developed specialized fitness
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functions [7], recombination [§] and mutation operators [10]. With ACO it is con-
ceptually much simpler to include expert knowledge. For this ACO metaheuristic
we have elected to include expert knowledge as an additional component of the
pheromone update rule. When the accuracy of the classifier is identical, ants
that choose SNPs with better expert knowledge will contribute more pheromone
to those paths than SNPs with lower expert knowledge scores.

2.1 Implementation

This ACO is implemented in C++4. For the purposes of this power analysis
solutions consist of pairs of attributes. The solution kept as the result is the pair
of attributes with the highest balanced accuracy according to MDR (detailed in
section B)). MDR analysis is performed through version 0.2.5 of the libmdr open
source C library available from www.epistasis.org

2.2 Pheromone Updating with Expert Knowledge

We have discovered in our work with genetic programming that expert knowledge
is critical for machine learning algorithms to be successful with this problem [7].
Here we apply principles discovered in our genetic programming work to the ACO
arena and structured our pheromone updating rule such that expert knowledge
is provided within the pheromone update rule. The pheromone is updated for
each SNP, a, according to the following function after the ith update:

Taitl = Taif + AT (1)

Art,; is the additional pheromone contributed by ants during this update cycle
and p is the evaporation factor. A7, ; is obtained as a combination of the MDR
accuracy and the expert knowledge information for each ant, k, of m total ants
that contain attribute a:

ATa,i = ZQa,baEaﬁ (2)
k=1

where @ is the MDR accuracy of a model containing that attribute a and the
other attribute, b, chosen by ant k. In the case that a and b are the same SNP the
MDR accuracy is set to zero to push the metaheuristic away from SNPs that have
a strong main effect without an epistatic effect. E is the expert knowledge infor-
mation for attribute a, and a and 3 are coefficients that determine the relative
weighting of @ and E. In this case Tuned ReliefF (TuRF) weights (see Section H))
are used as the expert knowledge [I1]. This update rule is used through u total
updates. This serves as an easy to understand pheromone updating rule which
incorporates expert knowledge for ACO in the field of genetic analysis. This ap-
proach is similar to the use of heuristic information in other ACO approaches
[5], except that here the heuristic alters the amount of pheromone deposited
instead of modifying the likelihood of an ant selecting a path given pheromone
information. This means that the initial search is very exploratory and that good
SNPs by our heuristic information should be more heavily selected towards the
end as pheromone information accumulates.
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Fig. 1. In our ACO metaheuristic ants explore a pair of SNPs. From that pair of SNPs
a A7; is calculated as shown in equation [2] for each SNP. A7; is a combination of the
quality of the pair, @, and the expert knowledge score for that SNP, E. Shading here
is representative of the strength of pheromone, 7, which begins evenly distributed and
changes with each update, (7).

2.3 Parameter Settings

We restrict the amount of the search space which can be explored to examine
how well the algorithm performs given the ability to search a small number of
the possible interactions. In each run 5000 total ants explore the search space.
This means that at most approximately 1% of the total possible interactions (i.e.
the search space) are examined. The power analysis (i.e. how often the correct
answer is found) is performed with 250 ants per update for 20 updates, 500
ants per update for 10 updates and 1000 ants per update for 5 updates. The
parameter « is fixed at 1 and f is tested at 0, 1, and 2. When (3 equals 0, the
expert knowledge weighting factor becomes 1 and does not affect the updating of
the pheromone, thus it is possible to examine the impact of expert knowledge on
the ant colony optimization approach in this domain. The evaporation parameter
p is held constant at 0.5.

3 Multifactor Dimensionality Reduction (MDR) for
Attribute Construction

Multifactor dimensionality reduction (MDR) was developed as a nonparamet-
ric and genetic model-free data mining strategy for identifying combination of
SNPs that are predictive of a discrete clinical endpoint [I2[T3/T4T5]. The MDR
method has been successfully applied to detecting gene-gene interactions for a
variety of common human diseases including adverse drug reactions [16]. At the
heart of the MDR approach is an attribute construction algorithm that creates a
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new attribute by pooling genotypes from multiple SNPs. Constructive induction
using the MDR kernel is accomplished in the following way. Given a threshold
T, a multilocus genotype combination is considered high-risk if the ratio of cases
(subjects with disease) to controls (healthy subjects) exceeds or equals T', other-
wise it is considered low-risk. Genotype combinations considered to be high-risk
are labeled G'1 while those considered low-risk are labeled G0. This process con-
structs a new one-dimensional attribute with levels GO and G1. It is this new
single variable that is returned by the MDR function as the quality, @, for the
ACO metaheuristic. Moore et al. [I4] describe the MDR method in more detail.
Open-source MDR software is freely available from [www.epistasis.org

4 Expert Knowledge from Tuned ReliefF (TuRF)

Our goal is to provide an external measure of attribute quality that can be used as
expert knowledge for pheromone updating by the ACO metaheuristic. Here the
external measure used is statistical, but it can just as easily be biological. There
are many statistical and computational methods for determining the quality of
attributes. Our goal is to use a method that is capable of identifying attributes
that predict class primarily through dependencies or interactions with other
attributes. Kira and Rendell [I7] developed an algorithm called Relief that is
capable of detecting attribute dependencies.

Relief estimates the quality of attributes through a nearest neighbor algorithm
that selects neighbors (instances) from the same class and from the different class
based on the vector of values across attributes. Weights (W) or quality estimates
for each attribute (a) are estimated based on whether the nearest neighbor (near-
est hit, H) of arandomly selected instance (R) from the same class and the nearest
neighbor from the other class (nearest miss, M) have the same or different values.
This process of adjusting weights is repeated for m instances. The algorithm pro-
duces weights for each attribute ranging from -1 (worst) to +1 (best). Kononenko
[18] improved upon Relief by choosing n nearest neighbors instead of just one.
This new ReliefF algorithm has been shown to be more robust to noisy attributes
and missing data [19] and is widely used in data mining applications [19].

We developed a modified ReliefF algorithm for the domain of human genetics
called Tuned ReliefF (TuRF). We have previously shown that TuRF is signif-
icantly better than ReliefF in this domain [II]. The TuRF algorithm system-
atically removes attributes that have low quality estimates so that the ReliefF
values of the remaining attributes can be re-estimated. We apply TuRF as de-
seribed by Moore and White [IT] to each dataset. Here TuRF scores compose
the expert knowledge component of the ACO metaheuristic, F.

5 Fisher’s Exact Test

Fisher’s exact test is a significance test appropriate for categorical count data
[20]. The resulting p-value denotes the likelihood that an association of the ob-
served magnitude is likely by chance alone. For our use we arrange the results
in a 2x2 contingency table:
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Table 1. 2x2 contingency table for power analysis

Success Failure
Parameter Set 1 (PS1) # Successful with PS1 # Unsuccessful with PS1
Parameter Set 2 (PS2) # Successful with PS2 # Unsuccessful with PS2

With this contingency table we can detect whether the association between suc-
cess (power) at different parameter settings (P.S1 and PS2) is likely due to chance
alone. The resulting p-value for this test can be interpreted as the likelihood of see-
ing a difference among powers of the size observed without an association.

6 Data Simulation

The goal of the simulation study is to generate artificial datasets with high
concept difficulty to evaluate the power of ACO in the domain of human genet-
ics. We first develop 30 different penetrance functions (i.e. genetic models) that
define a probabilistic relationship between genotype and phenotype where sus-
ceptibility to disease is dependent on genotypes from two SNPs in the absence
of any independent effects. The 30 penetrance functions include groups of five
with heritabilities of 0.025, 0.05, 0.1, 0.2, 0.3, or 0.4. These heritabilities range
from a very small to a large genetic effect size. Each functional SNP has two
alleles with frequencies of 0.4 and 0.6.

Table 2. Penetrance values for an example epistasis model

AA (0.36) Aa (0.48) aa (0.16)
BB (0.36) 0.077  0.656  0.880
Bb (0.48) 0.892  0.235  0.312
bb (0.16)  0.174  0.842  0.106

Table 2 summarizes the penetrance values to three significant digits for one
of the 30 models. The values in parentheses are the genotype frequencies. Each
of the models is used to generate 100 replicate datasets with a sample size of
1600. Each dataset consists of an equal number of case (disease) and control (no
disease) subjects. Each pair of functional SNPs is combined within a genome-
wide set of 998 randomly generated SNPs for a total of 1000 attributes. A total
of 3,000 datasets are generated and analyzed.

7 Experimental Design and Statistical Analysis

For each set of 100 datasets and for each set of parameters we count the number
of times the correct two functional attributes are selected as the best model by
our ACO implementation. This count, expressed as a percentage, is an estimate
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of the power of the method. This percentage represents how often ACO meta-
heuristic finds the answer that we know is present. We compare the significance of
power estimates between the methods (e.g. 5 =0, 5 = 1, and 8 = 2,) by perform-
ing fisher’s exact test [20]. Results are considered statistically significant when
p < 0.05.
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Fig.2. The average power across heritabilities. Each group of three bars shows one
combination of ants and updates (250 ants/20 updates, 500 ants/10 updates, 1000
ants/5 updates respectively). Within the ant and update groups the beta value is 0, 1,
and 2 from left to right.
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8 Experimental Results

Figure [2 summarizes the average power (% success) for each method. Each bar
represents the power averaged over 500 datasets (5 models with 100 datasets
each). Power represents the number of times out of 100 that the ACO finds the
right two attributes. These results clearly show that the ACO approach is unable
to successfully find the correct pair of attributes when expert knowledge is not
used as the power is very low for all cases where the expert knowledge weighting
parameter, 3, is set to zero. These results also show that the ACO metaheuristic
is frequently successful when [ is one or two, showing the critical need for expert
knowledge.

To assess the reliability and robustness of these results quantitatively we use
fisher’s exact test (Section [B). As figure Bl shows, the difference between values
of § of 0 and values of 8 of 1 and 2 is highly significant in all circumstances.
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Fig. 3. Fisher’s exact test p-values for assessing whether the differences among groups
seen in the bar graph is significant. Values of p between 0.05 and 0.001 mean that
between one time out of twenty and one time out of one-thousand, a difference of that
magnitude is expected by chance alone. Values of p below 0.001 mean that less than one
time out of one-thousand, a difference of that magnitude is expected by chance alone.
Order of parameter settings is retained between the example heritability (0.0250) and
the other heritabilities shown.
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This quantitatively confirms that the expert knowledge factor, F is a crucial
component in the success of the ACO metaheuristic in this domain. At a heri-
tability of 0.100 where the largest performance difference occurs among different
weightings of (3, it is apparent that the difference between the powers for values
of 3 =1 and § = 2 is significant. This suggests that a higher weighting of 3
seems to be advantageous for this problem. In addition at higher heritabilities
the difference between the 1000 ants/5 updates power with a 8 of 1 becomes
significantly different from the power with other parameter settings, which also
suggests that a high weighting of expert knowledge is more appropriate in these
cases, especially when the number of ants is high and the number of updates low.

9 Discussion and Conclusion

Our results show that ACO is a viable approach to this problem when an expert
knowledge is added in to the pheromone updating rule. This suggests that ACO
may be an appropriate search strategy when exhaustive analysis is impossible.
These results are also encouraging given the relative simplicity of this approach
and the relatively high power given that only about 1% of the dataset can be
explored by the metaheuristic. These results indicate a power somewhat greater
than the previously used genetic programming approaches [7I9UT0].

In this case the pheromone updating rule is a combination of the classifier ac-
curacy and the expert knowledge from TuRF. Modifications such as a rank based
ant system [2T] or a MIN — M AX ant system [22/23] warrant investigation as
these approaches may be better able to deal with this type of data. Also war-
ranting more investigation is wide sweep of the 3, expert knowledge weighting,
parameter which leads to increased power at low (0.100) heritabilities. Merkle
et al. show that dynamically altering the heuristic weighting factor, 8, during the
search can lead to greater success for a resource-constrained project scheduling
problem [24]. Perhaps a similar approach is appropriate here to better balance
exploration and exploitation.

Work now can focus on a number of areas within the ACO metaheuristic.
What is the best way to initialize the pheromone? Are there more appropriate
ant systems or updating rules for this problem? We have seen in the field of GP
that by developing highly tuned operators it is possible to keep the power of
the approach high while exploring a much smaller search space. Is it possible
and advantageous to develop similar tuned approaches in the field of ant colony
optimization while keeping parameters for the approach conceptually simple
enough for users of the MDR software to understand?

In this work the building blocks of outside knowledge are obtained by pre-
processing data with TuRF. For the realm of genetic studies, outside knowledge
can also be obtained from the numerous public databases available to geneti-
cists. Tools are being developed which integrate knowledge across these public
databases and generate information about relationships between genes and dis-
ease in the context of protein interactions [25]. Future work will also focus on
integrating multiple distinct expert knowledge types and sources. For the ACO
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metaheuristic the question arises, is it better to include all types of outside
knowledge in the same run in the same large pheromone updating rule, or is
it better to use a reinitialization strategy once convergence occurs that takes
advantage of different sources of expert knowledge in phases? Here we insert
the heuristic information into the pheromone updating rule. We have found that
given domain specific knowledge and an approach which takes advantage of this
knowledge, it is possible for an ACO strategy to succeed, even for a needle-in-a-
haystack problem. This indicates that ACO may be a useful wrapper for genome
wide analysis of common human diseases with a complex genetic architecture.
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