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Abstract— Single-Nucleotide Polymorphism (SNP) array is a
recently introduced technology that genotypes more than 10,000
human SNPs on a single array. It has been shown that genome-
wide Loss of Heterozygosity (LOH) calls can be derived by
analyzing the genotypes calls measured by SNP arrays using
paired tumor and normal tissue samples. The goal of this
study is to evaluate the possibility of cancer classification using
LOH calls. As a proof of concept, we applied 16 different
combinations of classification algorithms and feature selection
algorithms to a public data set that contains LOH calls of
10,043 SNP loci obtained from 10 breast cancer patients
and 5 small cell lung cancer (SCLC) patients. Performance
was measured in terms of the leave-one-out cross-validation
(LOOCV) classification accuracy. Experimental results suggest
that LOH calls derived from SNP arrays can be an excellent
indicator of cancer type.

I. INTRODUCTION

Single-Nucleotide Polymorphism (SNP) array is a recently
introduced high-throughput technology that genotypes more
than 10,000 human SNPs on a single array [15]. Single nu-
cleotide polymorphisms (SNPs) are the most common type of
DNA polymorphisms, which occur when a single nucleotide
in the genome sequence is altered. Because SNPs occur
abundantly with even spacing along the human genome, they
offer significant greater potential to be used as bio-markers
for diagnosing genetic diseases including cancers, compared
to other less common polymorphisms and microsatellite
markers. Recently, it has been shown that genome-wide Loss
of Heterozygosity (LOH) calls can be accurately derived by
analyzing the genotypes calls measured by SNP arrays using
paired tumor and normal tissue samples [12], [13].

LOH is particularly relevant to tumorigenesis. Mutated
alleles of tumor suppressor genes (TSGs) are recessive and
tumor cells can arise after LOH at relevant TSG locus/loci
[10]. LOH can result from a variety of genetic mutation
events, including hemizygous deletion, point mutation, mi-
totic nondisjunction, mitotic recombination and gene con-
version [6]. While significant work has been done in cancer
classification based on microarray gene expression data [3],
[8], [5], [2], [9], cancer classification based on differences in
LOH patterns has not been previously investigated. Effective
machine learning models for cancer classification based on
LOH data would be very useful because they can not only
assist in clinical cancer diagnosis, but also lead to discovery
of novel tumor suppressor genes that are specific to a certain
type of tumor.
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In the problem of cancer classification using LOH data, we
still encounter the typical curse-of-dimensionality problem as
in cancer classification based on gene expression data:

• The number of SNPs greatly exceeds the number of
tissue samples.

• Most SNP loci do not show LOH, and are not related
to the given cancer classification problem.

To overcome this curse-of-dimensionality problem, we can
use feature selection techniques to select a small subset of
SNPs as features for classification. However, unlike gene
expression data where the features (expression levels of
genes) have real numeric values, the features in LOH data
have categorial values (we will explain the data type in detail
in the following text.) Therefore, classical methods for gene
selection for gene expression data, such as t-test, cannot be
used in this case.

On the other hand, feature selection for features with
discrete values is a well-studied problem in the field of
text information retrieval [23]. Many methods have been
proposed, including Information Gain [16], Gain Ratio [17],
Mutual Information, χ2-statistic, etc.

In this study, we evaluate the effectiveness of machine
learning models on cancer classification using LOH data.
We built 16 different machine learning models by combining
each of four widely used feature selection algorithms (In-
formation Gain, Gain Ratio, χ2-statistic and Relief-F) and
each of four widely used classification algorithms (k-NN,
C4.5 Decision Tree, Support Vector Machine, and Naive
Bayes). We applied these models to a public SNP data set
and compared their performance according to the leave-one-
out cross-validation (LOOCV) classification accuracy.

II. METHODS

A. Feature Selection Algorithms

Feature selection is an important topic in machine learn-
ing. In this study, we applied feature filtering algorithms
to find informative SNP loci. Feature filters are techniques
to compute statistics over the features that indicate which
features are better than others. Features (SNPs) are ranked
according to such statistics. In this paper, we use the follow-
ing four popular feature filtering methods: Information Gain,
Gain Ratio, χ2-statistic and Relief-F.

1) Information Gain: Information Gain (IG) [16] is
a well-known and empirically proven method for high-
dimensional feature selection. It measures the number of bits
of information obtained for class prediction by knowing the
value of a feature. Let {ci}m

i=1 denote the set of classes. Let



V be the set of possible values for feature f . IG of a feature
f is defined to be:

IG( f ) = −
m

∑
i=1

P(ci) logP(ci)

+ ∑
v∈V

m

∑
i=1

P( f = v)P(ci| f = v) logP(ci| f = v)

2) Gain Ratio: Gain Ratio (GR) is a normalized version
of IG. It measures the fraction of the number of bits of
information obtained for class prediction by knowing the
value of a feature. GR of a feature f is defined to be:

GR( f ) = IG( f )/−
m

∑
i=1

P(ci) logP(ci)

3) χ2-statistic: The χ2-statistic [14] measures the lack of
independence between f and c. It is defined as follows:

χ2( f ) = ∑
v∈V

m

∑
i=1

(Ai( f = v)−Ei( f = v))2

Ei( f = v)

where V is the set of possible values for feature f , Ai( f = v)
is the number of instances in class ci with f = v, Ei( f = v)
is the expected value of Ai( f = v). Ei( f = v) is computed
with

Ei( f = v) = P( f = v)P(ci)N

where N is the total number of instances.
4) Relief-F: One of the most widely used feature filters is

the Relief-F algorithm [11]. The basic idea of Relief-F is to
draw instances at random, compute their nearest neighbors,
and adjust a feature weighting vector to give more weight
to features that discriminate the instance from neighbors of
different classes. Specifically, it tries to find a good estimate
of the following probability to assign as the weight for each
feature f .

w f = P(different value of f |different class)
−P(different value of f |same class)

This approach has shown good performance in various
domains [19].

B. Classification Algorithms

After selecting the informative SNPs, we applied one of
the following classifiers: k-Nearest Neighbor, linear Support
Vector Machine, C4.5 Decision Tree and Naive Bayes.

1) k-Nearest Neighbor: The k-Nearest Neighbor (k-NN)
classifier [7] is a well-known nonparametric classifier. To
classify a new input x, the k nearest neighbors are retrieved
from the training data. The input x is then labelled with the
majority class label corresponding to the k nearest neighbors.

The distance metric we used for the k-NN classifier was
the overlap metric [1], which is one of the most popular
metric for data points with discrete features. In the overlap
metric, the distance between different values of a feature is 1,
and 0 if the values are the same. This metric basically counts
the number of mismatching feature values in both data points.
k is an important parameter for the k-NN classifier. In this
study, the best k between 1 and 10 was found by performing
LOOCV on the training data.

2) Support Vector Machine: The Support Vector Machine
(SVM) belongs to a new generation of learning system based
on recent advances in statistical learning theory [20]. A
linear SVM, which is used in our system, aims to find the
separating hyperplane with the largest margin, defined as the
sum of the distances from a hyperplane (implied by a linear
classifier) to the closest positive and negative exemplars.
The expectation is that the larger the margin, the better the
generalization of the classifier. In a non-separable case, a
linear SVM seeks a trade-off between maximizing the margin
and minimizing the number of errors.

3) C4.5 Decision Tree: C4.5 [18] is a well-known deci-
sion tree based classifier. A decision tree is a tree structure
where non-leaf nodes represent tests on one or more features
and leaf nodes reflect classification outcomes. An instance is
classified by starting at the root node of the decision tree,
testing the attribute specified by this node, then moving down
the tree branch corresponding to the value of the attribute.
This process is then repeated at the nodes on this branch
until a leaf node is reached.

In our experiments, we used the J4.8 algorithm in Weka
[22], which is a Java implementation of C4.5 Revision 8.

4) Naive Bayes: The Naive Bayes (NB) classifier [16] is
a probabilistic algorithm based on Bayes’ rule and the sim-
plifying assumption that the feature values are conditionally
independent given the class. Given a new sample observation,
NB estimates the conditional probabilities of classes using
the joint probabilities of training sample observations and
classes.

III. RESULTS

In this section, we present experiment results on a public
data set. Details about the data, preprocessing, experimental
parameters, and results are provided in sections below.

A. Data

1) Data Source: In this study, we used the SNP array
data set published in [24] by Zhao et al. It can be down-
loaded at the following URL: http://research.dfci.
harvard.edu/meyersonlab/snp/snp.htm.

The original data set contains raw data (CEL files) ob-
tained from 43 tissue samples using Affymetrix XbaI map-
ping 130 array, which covers 10,043 SNP loci along all of
the human chromosomes except the Y chromosome.

For our cancer classification study, we used a subset of
the original data consisting of data from 10 breast cancer
patients and 5 small cell lung cancer (SCLC) patients.

2) Data Processing: We processed the raw data following
the same steps as described in [12]. First, we re-analyzed the
whole original raw data set using dChipSNP [13] to produce
SNP genotype calls. Then we performed LOH analysis on
the whole original data set using dChipSNP to produce LOH
calls based on the SNP genotype calls of paired normal and
tumor samples of the same individual.
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Fig. 1. Comparison of the LOOCV accuracy of (a) C4.5 (b) NB (c) k-NN (d) SVM using different feature selection algorithms.

3) Data Types of LOH Calls: For each SNP, possible
assigned SNP genotype calls include A or B (homozygous
for one allele), AB (heterozygous), and “No Call” (if signal
is too poor to deduce a call). The possible LOH calls made
by dChipSNP for each SNP are: Loss, Retention, Non-
informative, and “No Call.” The relationship between the
SNP calls of paired tissue samples and the corresponding
LOH calls are described in [13]. Clearly, if we consider the
LOH calls for SNPs as features, the features have categorical
values.

B. Experimental Settings

We consider the performance of the 16 machine learning
models built from all possible combinations of the four
feature selection algorithms and the four classifiers discussed
above. We implemented these models using Perl and the
WEKA 3.4.3 [22], which is an open source collection of
machine learning algorithms in Java.

In each fold of the LOOCV test, the LOH calls of 14
tissue pairs were used as training data, and the LOH calls

of the one tissue pair left was used as test data. To avoid
the selection bias [4], the feature selection algorithms were
applied to the training data only, without any knowledge of
the test data. Therefore, in each LOOCV fold, the selected
top-ranked SNPs may be different. In the LOOCV test, the
classification accuracies of all of the 15 folds were averaged.

C. Results

Figures 1 shows the LOOCV classification accuracy
using different combinations of feature selection algo-
rithms and classification algorithms. In each case, the top
5,10,15, . . . ,200 SNPs were selected. We can observe from
the results that:

• The best LOOCV classification accuracy of 100% was
achieved by C4.5 combined with GR.

• Except for C4.5, all other classifiers achieved the best
performance when 5 or 10 SNPs were selected.

• GR is the best among the four feature selection algo-
rithms in this application,.

• C4.5 is the best among the four classification algorithms



in this application. It is also robust to the addition of
more selected SNPs. In the range of 10 to 200, the
number of selected SNPs doesn’t seem to affect its
performance.

IV. DISCUSSION AND CONCLUSION

This study represents preliminary results on the application
of machine learning models in cancer classification using
genome-wide LOH data derived from SNP arrays. Using a
public data set, we found that the best LOOCV classification
accuracy of 100% was achieved by C4.5 classification tree
with the Gain Ratio feature filtering algorithm. Experimental
results suggest that LOH data as derived from SNP arrays
are an excellent indicator of cancer type.

Because the 10k SNP array is relatively dense, nearby
SNPs along the chromosomes often have the same LOH or
retention status. The feature selection algorithms examined
here do not take into account such dependence information.
Therefore, the selected informative SNPs may be highly
dependent. We could eliminate the “redundant” SNPs by
applying our HykGene method [21]. However, since we are
interested in the chromosome regions (possibly containing
multiple SNPs) that are implicated in cancers, instead of a
minimal number of SNPs for classification purpose only, we
did not apply additional filtering steps to the selected SNPs.

Because the number of samples in the data set is small,
the LOOCV classification accuracy of 100% may be an
overestimate. The results should be interpreted as a proof
of concept. Experiments on larger data sets are needed when
such data sets are available.

The informative SNPs selected by the feature selection al-
gorithms may lead to the discovery of new tumor suppressor
genes that are specific to a certain type of tumor. Although
the selected top-ranked informative SNPs can result in good
LOOCV classification accuracy, their LOH properties still
need to be confirmed by quantitative real-time PCR of the
selected loci. The surveying of additional cancer specimens
will also help to address their significance.
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