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Abstract Cancer classification using DNA copy number
data is an important bioinformatics problem. Effective ma-
chine learning models for this task can be useful not only for
cancer diagnosis, but also for discovering novel tumor sup-
pressor genes and oncogenes. The recent array-based as-
says that detect DNA copy numbers contain very large num-
bers of probes and thus generate data of extremely high di-
mensionality. Therefore, the use of appropriate feature re-
duction methods is called for. In this paper, we proposed
an efficient interval tree based feature reduction method for
cancer classification using DNA copy number data. Instead
of using probes as features, our approach extracts intervals
as features from the original probe data. Experiment re-

sults on two real data sets showed that our approach led to
statistically significantly better classification accuracies as
compared to the based line approach where the DNA copy
number data at probe loci were used as features directly.

Keywords: Feature reduction, interval tree, cancer classifica-
tion, DNA copy number, array CGH
1 Introduction

Recently, high-throughput array-based assays [1, 2, 3,
4,5, 6] have been developed to detect DNA copy num-
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Figure 1: System diagram of the complete cancer classification process using DNA copy number data.

ber aberrations in tumor samples. DNA copy number
aberrations are often associated with the development
and progression of cancer. For example, amplification
of oncogenes or deletion of tumor suppressor genes can
lead to cancer development [7]. Both deletion and am-
plification change the copy numbers of tumor DNA.
There are currently two main high-throughput ap-
proaches for interrogating DNA copy numbers:

e Array-based comparative genomic hybridization
(array CGH). This approach yields data consisting
of log, transformed fluorescence intensity ratios of
tumor and reference normal DNA samples. The in-
tensity ratios provide information about DNA copy
number aberrations. The resolution of the CGH
arrays has improved over the years: The CGH ar-
rays using BAC (Bacterial Artificial Chromosome)
clones can provide resolution in the order of 1 Mb
[1, 2], and have been widely used. More recently
developed CGH arrays using cDNA [4] and long
oligonucleotides (60—100 bp) [3] can offer resolu-
tion in the order of 35-100 kb.

e Single-Nucleotide Polymorphism (SNP) arrays.
High-density Single-Nucleotide Polymorphism
(SNP) array is a recently introduced high-
throughput technology that genotypes up to
500,000 human SNPs on a single array [5, 6].
These arrays are typically used to provide geno-
type information.

Cancer classification using DNA copy number data
has been recently investigated by several groups [8, 9,
10, 11]. The motivation is that effective machine learn-
ing models for cancer classification using DNA copy

number data would be useful not only for clinical cancer
diagnosis, but also for discovering novel tumor suppres-
sor genes and oncogenes. Typically, DNA copy num-
bers at probe loci were used directly as features. This
poses a major challenge to machine learning models be-
cause of the following characteristics:

e The number of features greatly exceeds the num-
ber of instances (tissue samples).

e Most features are not related to the given cancer
classification problem.

This “curse-of-dimensionality” problem is particu-
larly severe for cancer classification using DNA copy
number data (as compared to gene expression data) be-
cause of the extremely large number of probes (cur-
rently up to 500,000 to 1 million). Another complicat-
ing factor is that the DNA copy number data is often
very noisy. This situation is particularly severe for high-
density arrays with short probes (cDNA or oligonu-
cleotides). For example, in cDNA array-CGH data, the
signal to noise ratio is often approximately 1 [12].

Previously, the common approach taken by re-
searchers was to perform feature selection on DNA
copy number data prior to cancer classification. How-
ever, because DNA copy number data is noisy and spa-
tially correlated, we hypothesize that applying feature
selection to DNA copy number data directly will result
in highly correlated features and can lead to sub-optimal
classification performance. Indeed, Willenbrock et al.
[13] applied a segmentation method as a feature reduc-
tion step on DNA copy number data and reported better
classification accuracies as compared to the case with-
out segmentation.



In this paper, we propose to apply a novel interval
tree based feature reduction method to DNA copy num-
ber data prior to feature selection and classification. We
also perform wavelet denoising [14] to reduce noise in
the data.

The remainder of the paper is organized as follows:
Section 2 gives an overview of the proposed system;
Section 3 presents the details of our interval tree based
feature reduction method and the whole classification
process. Section 4 demonstrates the experiment results
of our system on two real data sets. Section 5 concludes
the paper with discussion.

2 System Overview

An overview of our proposed cancer classification sys-
tem is illustrated in Fig. 1.

1. Thresholding is applied to all of the DNA copy
number data to derived intervals for each chromo-
some in each sample.

2. After obtaining the initial set of intervals, an al-
gorithm based on the interval tree is used to merge
them and create the final set of intervals as features
for classification.

3. DNA copy number values in the original data are
used to derive feature values the final set of inter-
vals.

4. Feature selection is applied to the current set of
features (intervals with values) from training data.

5. Top ranked features (intervals) are used by a clas-
sifier to classify the test data.

3 Our Proposed Approach

3.1 Extraction of Intervals

We use two thresholds (a positive threshold and a neg-
ative threshold) to extract intervals from the DNA copy
number data. Fig. 3 illustrates how intervals are ex-
tracted using thresholds. Because of the intersections
between the data on a chromosome and thresholds, the
chromosome will be divided into three types of regions:

e Positive regions: regions containing DNA copy
number data above the positive threshold;

e Negative regions: regions containing DNA copy
number data below the negative threshold;

e “Normal” regions: regions containing DNA copy
number data between the two thresholds.
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Figure 2: Extraction of intervals from DNA copy num-
ber data. The dashed star line shows the DNA copy
number data. Interval I; will be assigned feature value
+1, whereas Intervals I and I3 will be assigned feature
value -1.

The intervals defined by the the positions regions and
negative regions are the initial set of intervals we derive
from the chromosome. We use this method to find all of
the intervals (possibly overlapping) on all chromosomes
in all samples.

Clearly, different thresholds can lead to different sets
of intervals. In order to determine the optimal pair
of positive and negative thresholds, we select positive
thresholds from [0.1,2.0] and negative thresholds from
[-0.1,-2.0] with a step size of 0.1. Therefore, there are
a total number of 400 pairs of thresholds to examine.
Then we select the best pair of thresholds heuristically
using cross-validation as follows: Each pair of thresh-
olds is applied to the training DNA copy number data
to obtain the merged intervals as features. Then a fea-
ture selection algorithm is used to select the top 50, 100,
150, ..., 400 features (intervals), which are then fed to
a classifier to obtain 10-fold cross-validation classifica-
tion accuracies. Finally, the pair of thresholds that leads
to the best average classification accuracy is chosen as
the optimal thresholds.

3.2 Merging of Interval

Because there are always more than one sample in data
set and the intervals from different samples are likely to
be different, these intervals cannot be used directly as
features. We need to process the intervals from different
samples to construct a set of merged intervals that can
be used as features for classification purposes. Fig. 3
shows an example of merging intervals for a chromo-
some in three samples.



In order to merge intervals efficiently, we developed
an algorithm based on the interval tree. An interval tree
is ared-black binary tree with each node representing an
interval[15]. The key of each node is the low endpoint
of an interval. Therefore an in-order walk of the tree
lists the nodes in sorted order by low endpoint.

The main
rithm:

procedure of  our algo-

1: for each chromosome Ch; do
2:  build an interval tree T; from all of the intervals
on chromosome C#; in the first sample

3:  for each interval i on Ch; in all other samples do
4 mergeinterval (root[T}],i)

5:  end for

6: end for

Pseudocode for the function mergeinterval:
mergeinterval (x,i) :
1: if i is overlapped with int[x] then
2:  inf[x] < common part between int|x] and i

3. if low[i] < lowlint[x]] then
4 if left[x] # nil then
5: mergeinterval (left[x], [low[i], low[int[x]]])
6: else
7 int[left[x]] < [low][i],low[int[x]]]
8 update_tree
9: end if
10:  else if low[i] > low]int[x]] then
11: if left[x] # nil then
12: mergeinterval (left[x], [low[int[x]],low[i]])
13: else
14: int[left[x]] < [low[int[x]], low[i]]
15: update_tree
16: end if
17:  endif
18:  if highli] < high[int[x]] then
19: if right|x] # nil then
20: mergeinterval (right[x], [high[i], high[int[x]]])
21: else
22: int[right|x]] < [highl[i], highlint[x]]]
23: update_tree
24: end if
25:  elseif high[i] > highlint[x]] then
26: if right|x] # nil then
27: mergeinterval (right[x], [highlint[x]], highli]])
28: else
29: int[right[x]] < [high[int[x]], high[i]]
30: update_tree
31 end if
32:  endif

33: else if high[i] < low[int[x]] then
34:  if left[x] # nil then

35: mergeinterval (left[x],1)
36:  else
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Figure 3: Example of merging intervals for a chromo-
some in three samples. Ij,,...,lIy are the final set of
merged intervals.

37: int[left[x]] —i
38: update_tree
39:  end if

40: else if low[i] > high[int[x]] then
41:  if right[x] # nil then

42: mergeinterval (right[x],i)
43:  else

44 int[right[x]] — i

45: update _tree

46:  end if

47: end if

In the above pseudocode, x represents a node in the
interval tree. i represents the interval to be merged.
int|x] represents the interval corresponding to node x.
lowl[i] represents the low endpoint of interval i, and
highli] represents the high endpoint of interval i. left[x]
represents the left child of node x, and right|[x] repre-
sents the right child of node x. The function update_tree
is the RB-INSERT-FIXUP function defined in Chapter
13.3'in [15]. It is used to update the tree to preserve the
red-black properties after we changed the structure of
the interval tree each time.

Clearly, the running time for merging intervals on
one chromosome in all samples is O(MlogM), where
M = max(N,n), N is the total number of intervals to be
merged on the chromosome from all samples, n is the
number of probes on the chromosome from one sample.
The space complexity is O(M). Fig. 4 illustrates the
step-by-step process of merging intervals in Fig. 3 using
interval trees.

After obtaining the final set of merged intervals for
all of the chromosomes, we still need to assign feature
values to these intervals for each sample. The feature
value of an interval [p, g] on chromosome & for a sample
is determined by the sample’s probe feature value (the
log,-ratio at the probe locus in array CGH data) at any
probe that falls in the interval [p,q]. There are three
cases:
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Figure 4: Example of interval trees when merging intervals. (a) The interval tree built from sample 1 in Fig. 3; (b)
The interval tree after merging intervals from sample 1 ang the interval I»; from sample 2; (c) The interval tree after
merging all intervals from sample 1 and sample 2; (d) The interval tree after merging all intervals from all three

samples in Fig. 3.

o If the probe feature value is equal to or above the
positive threshold, the feature value for the interval
will be +1;

o If the probe feature value is equal to or below the
negative threshold, the feature value for the inter-
val will be -1;

o If the probe feature value falls between the nega-
tive threshold and the positive threshold, the fea-
ture value for the interval will be 0;

Clearly, the running time for this step is O(kM) on one
chromosome, where k is the number of samples, and M
is defined above.

3.3 Feature Selection

In this study, we used the Information Gain [16] method
to perform feature selection on the interval features. In-
formation Gain is a well-known and empirically proven
method for high-dimensional feature selection. It mea-
sures the number of bits of information obtained for
class prediction by knowing the value of a feature. Let
{ci}i", denote the set of classes. Let V be the set of
possible values for feature f. The information gain of a
feature f is defined to be:

m

G(f) = =Y Plci)logP(c;)

i=1

+ X Y PU = WPlelf = logPleilf =

veVi=1

The Information Gain feature selection method is par-
ticularly suitable for features with categorical values. In
our case, the interval features only have three possible
values: +1 (gain), -1 (loss) and 0 (normal). Therefore,
Information Gain is appropriate in our case.

For numeric features, such as gene expressional lev-
els and raw DNA copy number data, Information Gain
requires that numeric features be discretized. It has
been have shown that mean-entropy discretized features
[17] are effective for classification using gene expres-
sion data [18]. Here, we also use the entropy-based
discretization method [17] implemented in Weka [19]
in our experiments when Information Gain is applied to
the original DNA copy number data.

3.4 C(lassification

After feature selection, we train a linear Support Vec-
tor Machine (SVM) [20] to classify test data. A linear
SVM 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 clos-
est 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.

The SVM classifier has been commonly used in can-
cer classification using microarray data and is consid-
ered one of the best classifiers.
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Figure 5: Comparison of 10-fold cross-validation classification accuracies on (a) the TP53 data set and (b) the lung
cancer data set. The x-axis represents the number of top ranked features selected. The y-axis represents the classifica-

tion accuracy.

4 Experiment Results

In this section, we present experiment results on two
real data sets. Details about the data, preprocessing, ex-
perimental parameters, and results are provided in sec-
tions below.

4.1 Data Source

The first DNA copy number data set we used was pub-
lished in [21] by Snijders et al. It can be downloaded
at the following URL: http://http://www.cbs.
dtu.dk/~hanni/aCGH/. The original data set con-
tains 75 oral squamous cell carcinoma samples, which
can be divided into 14 TP53 mutants and 61 wild-type
samples.

The second data set is a lung cancer data set which
contains DNA copy number data from 21 small-cell
lung cancer (SCLC) cell lines and 33 non-small-cell
lung cancer (non-SCLC) cell lines. This data set is from
the Hamon Center for Therapeutic Oncology Research
at UT Southwestern Medical Center at Dallas.

4.2 Experimental Settings

First, we applied our recently developed stationary
wavelet denoising method [14] to reduce noise in the
data. Then we compared the 10-fold cross-validation
classification accuracies for the following two cases:

o using the original DNA copy number data at probe
loci as features;

e using the interval features derived with our pro-
posed method as features.

In both cases, the Information Gain feature selection
algorithm was used to select the top 50, 100, 150, ...,
and 400 features before classification with the linear
SVM classifier.

Our system is implemented in Perl and deployed on
an Intel Core Duo 1.6GHz computer with IGB RAM.

4.3 Results

For the TP53 data set, the optimal pair of thresholds
chosen by our system was (1.1, -0.4). The classification
results on the TP53 data are shown in Fig. 5(a). For
the lung cancer data set, the optimal pair of thresholds
chosen by our system was (0.4, -0.5). The classification
results on the lung cancer data are shown in Fig. 5(b).

We can observe from the results that the performance
of our interval based approach is better than the base
line approach on both data sets. To evaluate the statis-
tical significance of the difference, we used the paired
T-test to calculate the P-values. For the TP53 data set,
the P-value was 5.05 x 107> For the lung cancer data
set, the P-value was 6.99 x 10~°.

Besides comparing classification accuracies, we also
performed a Gene Ontology (GO) analysis of the top-
ranked discriminating intervals from the lung cancer
data set. The question we are trying to answer here is:
what are the GO biotical process terms that are statis-
tically significantly associated with the genes contained
by or intersecting with the top-ranked discriminating in-
tervals. We first selected the top 100 intervals for the op-



Table 1: Gene Ontology terms significantly associated with copy number differences in the lung cancer data set

GOID GO Annotation Genes

GO0:0007586 | Digestion
GO0:0006508 | Proteolysis

TFF1, ATP8B1, MEP1B, TFF2
LNPEP, MALT1, TMPRSS3, ZMPSTE24, MEP1B, CNDP2,
SERPINB13, PSMD6, SERPINB4, KIAA1815, CNDP1

GO0:0030162 | Regulation of Proteolysis | SERPINB13, SERPINB4

timal thresholds. Then the genes that are contained by
or intersecting with these intervals were obtained based
on the human genome build hg16. Finally, a list of sta-
tistically significant GO terms (P-value threshold 0.05)
were obtained using GoMiner [22], which uses the hy-
pergeometric distribution to evaluate the statistical sig-
nificance of the GO terms. Several GO terms were
found to be highly associated with the genes in the top
100 intervals, which are shown in Table 1. The results
suggest that the GO biological processes digestion, pro-
teolysis and regulation of Proteolysis are related to dif-
ferences between small-cell lung cancer cell lines and
non-small-cell lung cancer (non-SCLC) cell lines.

5 Conclusion and Discussion

Cancer classification using DNA copy number data is
an important problem because effective machine learn-
ing models for this task would be useful not only for
clinical cancer diagnosis, but also for discovering novel
tumor suppressor genes and oncogenes. However, the
number of probes on current CGH arrays and SNP ar-
rays is extremely large (up to 500,000 to 1 million), thus
necessitating the use of appropriate feature reduction
and selection methods. In this paper, we proposed an ef-
ficient interval tree based feature reduction method for
cancer classification using DNA copy number data. Our
approach extracts intervals as features from the DNA
copy number data. Experiment results on two real data
sets showed that our approach led to statistically sig-
nificantly better classification accuracies as compared
to the based line approach where the DNA copy num-
ber data at probe loci were used as features directly.
The top-ranked informative intervals may contain tu-
mor suppressor genes and oncogenes that are specific
to a certain type of tumor. Gene ontology based analy-
sis also suggested the biological relevance of the genes
in these intervals.
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