Discrete Wavd et Transform Based Featur e Extraction for

Tissue Classification Using Gene Expression Data

Xiaoying DOND  'Guangmin SUN
'Department of El ectronic Engineering
Beijing University of Technology
Beijing, 100022 ,China
xiaoying_dong@emails.bjpu.edu.cn
gmsum@bj pu.edu.cn

Abstract

DNA microarrays can be used to measure the
expression levds of thousands of genes
simultaneously.  In this paper, the gene
expression data were processed by a signal
processing method. A discrete wave et
transform (DWT) based feature extraction
method for cancer classification was
introduced, by which micro-array data are
transformed into time-scale domain and used
as classification features. Finally, some test
and comparison experiments for the feature
extraction method have been made by using
the weighted voting dassification scheme[1].
Experiment results show that the correct rate is
over 90% in tumor vs normal classification by
using the feature extraction method.
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1 Introduction

With the advance of hybridization array
technology scientists can measure
expression levels of thousands of genes
across different conditions in paralel.
The conditions might be:(1).
pathological tissue specimens from
patients;(2).internal cellular physiology
from different cell lines;(3).diverse
physiological conditions in an intact
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organism; or(4).serid time points
following a stimulus to a cell or
organism [2].

Gene expression data offer potential
insight into gene function and regulatory
mechanisms and ad in Dbetter
understanding of carcinogenesis. Normal
cells can evolve into malignant cancer
cells through a series of a@normity in
genes that control the cell cycle,
apoptosis, and genome integrity, to name
only a few [3].As determination of
cancer type and stage is momentous to
the assignment of appropriate treatment
and evaluation of treatment outcomes,
one of the most centrd goa of gene
expression data anaysis is to classify
heterogeneous tissues (e.g., tumors vs.
normal) on molecular level.

Gene expression data usually present as
a matrix, in which rows represent genes
and columns represent samples or
observations (e.g. a single micro-array
experiment). A novel way to think of
micro-array data is as a signals set. The
number of genes is the length of signals.
From this point of view, information and
signal processing technique can be used
to micro-array data analysis. In signal
processng field there is an impressive



arsenal of tools. Perhaps the most
well-known is Fourier analysis, which is
extremely useful when the signd's
frequency contents ae of great
importance. At the same time Fourier
analysis has a serious drawback. In
transforming to the frequency domain,
time information is lost. That is, one can
find what frequency contents in a signal
by Fourier transform, but it isimpossible
to tell when a particular frequency
component took place. This disadvantage
makes against finding cancer related
genes. In an effort to correct this
deficiency, we adapt wavelet transform,
which has attracted increasing attention
in recent years for its inherent
multi-resolution approach to signal
analysis.

The rest of the paper is as follows. The
wavelet transform theoretical framework
is discussed in Section 2. The proposed
method, that is feature extraction in
time-scale domain, is described in
Section 3. We apply the selected
features in tissue classifier and give the
results in Section 4. followed by a
summary in Section 5.

2 Discrete Wavelet Transform
The continuous wavel et transform (CWT)
of a finite energy signal x(t) (x(t) e
L%(R)) is defined as the sum over al time
of the signal multiplied by scaled, shifted

versions of the wavelet function i :
W, (a,7) = —— [ “xw’ (=Dt (1.2)
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where WTy(a1), a function of scae and
position, are many wavelet coefficients.

Calculating wavelet coefficients at every
possible scale is a fair amount of work.
So only some discrete scales and
positions are chosen in practice, which is
caled DWT. Generaly, scales and
positions are based upon powers of two
----0-called dyadic discrete wavelet
transform.

The full DWT for signa x(t) can be
represented in terms of a shifted version

of a scaling function ¢;, and a shifted

and dilated version of a so-called mother

wavelet functiony j . The representation

of the DWT can be written as;

io
X(t) = Zujo,k ok )+ Z Zvvjkl/ljk ® 3
kez j=—ookeZ
where wjx are the wavelet coefficients
and u;« (j<jo) are the scaling coefficients.
These coefficients are given by the inner
product in L*(R), i.e,,

Uk =< X0, > , W, =< XV, > (4)

where ¢, () = 2129 (2% - k) is a
family of scalar functions and yk(t) =
212y (2% - K) a family of wavelet
functions [16].

Once a mother wavelet is selected, the
wavelet transform can be used to
decompose a signal according to scale,
alowing to separate the fine-scale
behavior from the large-scale behavior of
the signa. The relationship between
scale and signal behavior is. low scde
‘ad — compressed wavelet — rapidly
changing details — high frequency;
high scale ‘a — stretched wavelet —
dowly changing, coarse features —low
frequency [5]. Signal decomposition is
typically done in an iterative fashion
using thescalesa=2, 4, 8, ... , 2", with
successive  approximations  being



decomposed in turn, so that one signal is
broken down into many lower resolution
components.

Suppose X; is the ith signal (sample) in
micro-array data, and N is the signal
length (number of genes). Denote A and
D, are level L (a=2") gpproximation and
detaill signals reconstructed from
coefficients cA. and cD, respectively.
With the fast wavelet transform making
use of filters, developed in 1988 by
Mallat [6], we can implement signal
decomposition in an efficient way, as
showninFig.1.
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Fig.1. DWT fast agorithm schematic diagram.
Where H is high-pass filter and L is low-pass
filter.

In this paper, we extract features by
using DWT followed by a correlation
coefficients ranking method, and then
use the weighted voting scheme
proposed by Golub et al. [1] to classify
the colon tissue sample data set
published by Alon et a. [7]. Fig.2 is
our tissue classification system block.
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Fig.2. Tissue classificati on system block

3 DWT Based Features extraction
Most of genes are not relevant to the
distinction between cancerous and
normal tissues, and furthermore, they
introduce noise to the system. Moreover,
Finding smal gene sets that are
sufficiently informative to distinguish
between cells of different types is a
requirement of diagnosis in practice.
Furthermore, it is very important to
pathologist to isolate genes which are
potentially intimately related to the
tumor makeup and pathomechanism [8].
From classification point of view,
reduction the dimension of the feature
space can help overcome the risk of
overfitting. Overfitting problem arises
frequently in tissue classification
problem where the dimension of the
feature vectors (in our case thousands of
genes) is typically several orders of
magnitude larger than the number of
training patterns (in our case afew dozen
tissue samples). In such a dtuation,
classification performance on atest set is
much more poor than on training set.

Before describing DWT based feature
extraction method proposed in this paper,
we briefly liss some dimensional
reduction scheme that have proven to be
useful in the micro-array data analysis
context. Multidimensional scaling (MDS)
is usually used to high-dimensional data
display, which can project high
-dimensional data points onto 2 or 3
dimensions while preserving the space
structure within data set. Principal
component analysis (PCA) is an usua
feature extraction tool, which generates a
new set of principal components by
combining origina variables linearly. All
the principal components are orthogonal
to each other so there is no redundant



information in the new low-dimensional
space. There are also many satistical
approaches, most of which are based
upon feature-ranking techniques. These
approaches include ranking with
correlation coefficients, ranking with
disorder, ranking with likelihood,
ranking with TNoM (Threshold Number
of Misclassification), etc.[9]. In recent
years some machine learning based
feature extraction techniques have
emerged, such as genetic agorithm
based, SVM based, ANN based, etc.

In our DWT based feature extraction
scheme, signals (tissue samples) are
firstly transformed to time-scale domain
by multilevel wavelet decomposition.
Both of the coefficients extracted and
signals reconstructed are used as raw
features to be selected. One of the signal
and its DWT results are shown in Fig.3,

and the corresponding reconstructed
signals by inverse discrete wavelet
transform (IDWT) are shown in Fig.4.

In this paper, classification performance
is compared with the commonly used
method with and without DWT
processng stage. At the same time
decomposition  level is  selected
tentatively. Severa families of waveets
that have proven to be especially useful
in many applicationg9-12] are compared
in our experiments to find a more
suitable wavelet to our classification
system. These mother wavelets are from
the Haar, Daubechies, Symlet,
biorthogonal, and Coiflet familieg13].
By varying the mother wavelet, the
classification accuracy can be greatly
affected. Experimental results are given
in section 4.

Signal x and level 2 coefficients cA2,cD2 and cD1

Fig.3. Approximation and detail coefficients extracted by wavelet decomposition with haar wavelet

a level 2.



Decomposition at level 2: x=A2+D2+D1
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Fig.4. Approximation and detail signals reconstructed by IDWT with haar wavelet at level 2.

4, Classification ExperimentsAnd

Results

We evaluate the performance of the
approach discussed in the previous
section on colon cancer data set reported
by Alon et al. [7]. This data set consists
of more than 6,500 human genes and 62
tissue samples of colon epithelial cells
collected from colon cancer patients,
including 40 tumor and 22 normal
samples. The tumor and normal biopsies
were collected from tumors and healthy
parts of the same patients respectively.

Because the number of samples is very
small, we use a common statistical tool,
leave one out cross validation (LOOCV),
to test the accuracy of the classifier.
Reader would prefer to [14] for details
about LOOCV.

Firgly, we explore severa wavelets,
including sym2 from Symlet family,
biorl.l, bior22 and bior6.8 from
biorthogonal family, and coif2, coif4
from Coiflet family. With these wavelets,
signa is broken down into many lower
resolution components by iterated

decomposition process. Decomposition
is implemented at the first, the second
and the third level respectively. One can
also choose a suitable number of levels
according to the nature of the signal, or
based on entropy criterion [15].

Table 1. shows the percent of correctly
classified samples in the LOOCV
evaluation. Groupl comprises DWT
based feature extraction methods with a
choice of diverse wavelet,decomposition
level and different combination of
approximation and detail signals. Group
2 lists partia results reported in [3]
obtaned by some existing feature
extraction methods, covering correlation
coefficients ranking (CCR) based,
clustering based, nearest neighbor,
support vector machine (SVM) with
linear and quadratic kernel inner product
functions and boosting. The comparison
results demonstrate  that  space
transformation procedure using DWT
prior to feature selection can lead to
significant improvements in
classification accuracy.

Experiments demonstrate that



reconstructed signals as features excel
coefficients universally. Then we adopt
A3, D1, D2, D3, D1&D2, D1&D2&D3
and A3&D3 as feature selection inputs
respectively. Fig 5. depicts the correct
rate versus different feature selection set.
The results are shown for different
feature set coming from DWT using
wavelet dbl (haar), sym2, coif2, bior2.2
and bior6.8. As we can see, varying the
mother wavelet can affect classification
accuracy greatly. In addition, detal
signals, especially the first level detail
signal D1, may be regarded as more
suiteble feature selection set. As the
same time, approximation signals have
no much weightiness in the problem of
tissue classification by gene expression
data.

Tablel.Classification performance of different
methods.

Method Correct
Rate(%)
Level=2, db2, D:&D; 92.0
Level=2, dbl, D; 92.0
Level=3, dbl, D; 92.0
Level=2, dbl, D;&D; 90.3
g Level=2, db6, D, 90.3
m | Level=3, db2, D, 90.3
= | Level=3,sym2, D1&D; 92.0
% Level=3, biorl.1, Dy 92.0
Level=3, coif2, D; 90.3
Level=3, coif4, D, 90.3
Level=3, bior2.2, D:1& D> 90.3
Level=3, bior6.8, D; 90.3
CCR without DWT 88.7
— | Clustering 88.7
% Nearest Neighbor 80.6
o | SVM, linear kernel 774
= SVM, quad kernel 74.2
Boosting, 100 iter. 72.6
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Fig.5. Correct rate with various feature selection
set

5. Summary and Outlook

With the development of information
processng techniques, it is necessary to
introduce some novel and advanced
signal processing techniques into gene
expression data analysis to use the full
potential of micro-array tool and
facilitate correlative research field.

In this paper, we ded with gene
expression data from a signal processing
perspective.  DWT  based feature
extraction scheme is advanced in this
paper and we demonstrate correct rate of
a leasst 90% in tumor vs normal
classification. We highlighted the new
angle of processing gene expression data
though this approach is maybe not the
best bet at the present time as compared
with some existing methods.

Further work comprises an in-depth
study of wavelet transform based feature
extraction method, including feature
selection after WT and so on. Other



aspects that deserve further investigation
include WT in conjunction with some
other distinguished pattern recognition
methods, such as SVM, ANN and so on.

Finally we note that the approach
presented here has a generd applicability
in various classification problems in
biology field.
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