LINEAR PREDICTIVE CODING FOR ENHANCED MICROARRAY DATA
CLUSTERING

Robert S. H. Istepanian, Ala Sungoor and Jean-Christophe Nebel

Mobile Information and Network Technologies Research Centre, Kingston University
Kingston-Upon-Thames, London, KT1 2EE, UK
r.istepanian@kingston.ac.uk, k0422190@kingston.ac.uk, j.nebel @kingston.ac.uk

ABSTRACT

Microarrays are powerful tools for simultaneous moni-
toring of the expression levels of large number of genes.
Their analysis is usualy achieved by using clustering
techniques. In this paper, we present a new clustering
method based on Linear Predictive Coding to provide
enhanced microarray data analysis. In this approach,
spectral analysis of microarray datais performed to clas-
sfy samples according to their distortion values. The
technique was validated for a standard data set. Com-
parative anaysis of the results indicates that this
method provides improved clustering accuracy com-
pared to some conventional clustering techniques.
Moreover, our classifier does not require any prior train-
ing procedure.

1. INTRODUCTION

It is well known that microarray technologies are one of
the most powerful tools for extracting and interpreting
simultaneous gene activities and relevant genomic in-
formation. In particular, analysis of microarray genetic
data allows a better understanding of genetically based
diseases such as diabetes, cardiovascular diseases and
some forms of cancer. Although recently work has been
reported on microarray imaging, signal processing and
spot analysis techniques [1,2], gene classification and
clustering is till an active field of research in this area.
In general, gene expression analysis is based on statisti-
cal methods that are capable of detecting relevant ge-
nomic patterns that reflect individual genes in different
regulatory states. The importance of this research areais
reflected in the large number of works published in re-
cent years[3].

Clustering analysis can be defined as a multivariate
technique for data mining, the objective of which is to
discover meaningful subgroups or objects. In microarray
data analysis, clustering is concerned with the study of
the associated gene expression matrix to group together
either co-expressed genes or samples within similar
gene expression profiles.

In recent years, various genomic signal processing
methodol ogies were introduced for different microarray

application areas to support different clustering studies.
These were used for detection, prediction, classification
and in statistical modeling [4,5]. In particular, tech-
nigques based on Bayes vector quantization were applied
to achieve better classification quality by minimization
of the weighted summation of the mean squared error
between a feature vector and its codeword structure [6-
8]. Other classification methods based on gectral com-
ponent analysis were also investigated. An Autoregres-
sive technique was used to evaluate the potentia regula-
tory relationship between genes with dominant spectral
components in [9]. Also, in the work reported in [10],
the expression profiles were decomposed into spectral
component to correlate the profiles to obtain high accu-
racy expression values. However, to date no work has
been reported for the application of advanced coding
methods for enhanced microarray data clustering and
gene expression anaysis.

In this paper we present a new clustering framework
based on the use of the Linear Predictive Coding for en-
hanced microarray data clustering. After providing an
overview of the method, we present the application of
the algorithm and validate our approach on a standard
microarray data set.

2. PRINCIPLES OF LPC-BASED CLUSTERING

The Linear Predictive Coding (LPC) approach is based
on estimation of spectral distortion measures that pro-
vide relative measures of gene expression changes.
Therefore, enhanced classification of genes or samples
into classes can be performed according to their distor-
tion values.

Microarray datais first preprocessed and filtered us-
ing probabilistic estimators. Then gene expression data
is transformed into distortion measures. The LPC algo-
rithm is applied in order to build a predictive model for
those data. Subsequently, LPC coefficients are converted
into Line Spectral Frequency (LSF) coefficients to in-
crease their spectral robustness. Finally, Vector Quanti-
zation (VQ) is applied to cluster the resultant data into
the relevant classes. This clustering process is summa-
rized in Figure 1.
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Figure 1. LPC-based microarray clustering method

2.1. LPC coefficient prediction of microarray data set

Features of expression sampling rate in the microarray
data set format produce a limited range of frequencies.
In addition, there are correlations both between genes
and between samples. LPC in general is a coding
method which is suitable to deal with data with such
properties which are common in speech and imaging
data. The basic idea behind LPC analysis is that each
expression sample is approximated as a combination of
past samples [11]. Equation (1) defines the LPC princi-
ple where the value of the present output, s(n), can be
predicted approximately by a linear combination of p
past samples; pis called the order of LPC.
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The goal of the LPC anaysisisto find the best pre-
diction coefficients a so that the predicted sample is a
good approximation of the original sample. This opti-
mization process is performed by minimizing the energy
of the prediction error. This involves choosing g to
minimize the mean energy, E, in the error signal over a
frame or window of data set:
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The values of g that minimize E are found by setting
all derivatives dE/da, equal to zero. It is expressed by:
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To solve equation (3), E(SviS: ;) needs to be esti-
mated for i, j1 {1...., p }. The autocorrelation and co-

variance methods are two of the most common and effi-
cient linear predictive spectral estimation techniques.
Their main difference liesin the placement of the analy-
sis window. Since the covariance method windows the
error signal instead of the original signal, it has a high-
est accuracy.

The energy E of the windowed error signa is:
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where the error is minimized over afinite interval of
size N as defined by the rectangular window function
w(n).

After reducing and differentiating equation (4) with
respect to a, we obtain:
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However, the process of direct quantization of the
LPC coefficients g; is not advisable. The issue is that
small changes due to the quantization error could result
in the internal digita filter pole becoming unstable and
producing large spectral errors. Thus, other superior pa-
rametric representations have been formulated to re-
place the LPC coefficients g [12]. They include log area
ratios [13], arcsine reflection coefficients [14] and line
spectral frequency (LSF) [15]. We chose the LSF repre-
sentation because it has been shown to be a particularly
efficient for scalar quantization of LPC information: it
also does not distort the spectrum, vary smoothly in time
and offers a better coding in relation to spectral pesks.
These LSF coefficients are used subsequently to deter-
mine distortion between samples.

2.2. Predictive vector quantization

The use of vector quantization in this application is two-
fold: firstly we want to capture meaningful classesin the
data, represented by their centers, and secondly, we
want to make our subsequent classification decisions
more robust to noise in the data.

The principle of Vector Quantization (VQ) is to
maps L-dimensional input vectors into a set of M vec-
tors q(i) (with L>M). These vectors are called code vec-
tors or codewords and C is called the codebook. The av-
erage quantization error between input source and their
reproduction codeword is called the distortion of the
vector quantizer. The mgor concern for a vector quan-
tizer codebook design is the trade-off between distortion
and rate. Once the number of quantization levelsis de-
fined, the rate is set. Then thefocus is on data quantiza-
tion as a means of removing noise from data. The cen-
ters of the groups of data corresponding to different
quantization levels should be selected such that distor-
tion is minimized.



In this work, we use a ‘nearest neighbor’ vector
guantizer, i.e. avector zis mapped to a code vector gy, if

d(z9,) =argmin(d(z q,)) (6)

where d is a suitable distortion measure.

We use the gain-normalized log spectral distortion
since it iswidely accepted as a quality measure of coded
speech spectra. It evaluates the similarity of two auto-
regressive envelopes. There are expressed in the fre-
quency domain by the following equation [16]:
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where P(w) is the auto-regressive envelope that is

defined as:
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The design of codebooks is usually accomplished by
an iterative algorithm called the Lloyd algorithm. This
algorithm generates a set of representative vectors of the
source data and optimizes the codebook using the distor-
tion measured [11].

Finally, once the codebook has been defined, LSF
coefficient vectors of s are extracted, compared to all
codewords of C and mapped to a single codeword.

3. RESULTSAND DISCUSSION

In order to validate the cognate LPC and VQ approach,
a MATLAB® implementation was used for the classifi-
cation of acute leukemia patients using a standard mi-
croarray data set defined by Golub & al. [17]. This data
set was selected as it is now considered as a benchmark
for microarray data classification. Acute leukemia can
be divided into two classes, Acute Myeloid Leukemia
(AML) and Acute Lymphaoblastic Leukemia (ALL).
Correct dagnosis of a patient is critical since those two
diseases require different treatments. Golub et al. used
data from two different sets. a 38 sample set composed
of 11 AML and 27 ALL patients and a 34 sample set
composed of 14 AML and 20 ALL patients. They used
those two sets as training and test sets respectively.
Since the LPC method does not rely on any form of
training, we treated both sets as test sets. Moreover, we
considered a combined set made of the two setsto inves-
tigate the effect of the size of the set on the performance
of our technique.

We applied a statistical normalization method [18]
to the microarray data. Then we selected the 50 genes
with the highest expression values as shown in Golub et
al [17]. Next we processed these data using a 10" order
LPC algorithm. The predicted coefficients were then
converted to LSF. Finadly, classification was achieved
by performing vector quantization using 2 codewords.

Figure 2 shows how the combined sample set clus-
ters. samples are plotted according to their distortion
distances to the two classes. A sample can then be as-
signed to the nearest class.
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Figure 2. Clusters for the combined set of 72 samples.

The total computation time using a Pentium PC for
the whole dataset was 1.8 seconds. The result of the
method presented here is summarized in the last column
of Table 1. It is clear from these results that the LPC
method produces superior performance for the first set
(i.e. Golub’s training set) since classifications were ac-
curate for all 28 samples of the set. The second set (i.e.
Golub's test set) is more chalenging because it includes
a much broader range of samples coming from different
sources. The LPC technique performed well since 30
samples were accurately classified while only 4 were in-
correct. However, these 4 samples are particularly diffi-
cult to classify since they were among the 5 that Golub
could not classify.

Finally, 100% classification with the combined set is
achieved as shown in Figure 2. The increase in the
number of samples alows better definition of the two
classes. Therefore, it improves the discrimination power
of the classifier and permits the correct classification of
the most difficult samples. Table 1 summarizes the per-
formances of existing methods developed by 5 other
teams including Golub's.

Table 1. Comparative performance of LPC clustering
with existing methods

Golub | Nguyen | Yeung Tan Liu LPC
[17] [19] [20] [21] [22]
Method T-test PLSLD | Bayesian | TPCR | KPCA | LPC
Supervised | Yes Yes No No Yes No
Training 38 38 / / 38 38
st
Correct | 36 38 / / 38 38
Incorrect | 0 0 / / 0 0
Uncertain | 2 0 / / 0 0
Test set 34 34 / / 34 34
Correct | 29 33 / / 33 30
Incorrect | O 1 / / 1 4
Uncertain | 5 0 / / 0 0
Whole set / / 72 72 / 72
Correct | / / 70 71 / 72
Incorrect | / / 2 1 / 0
Uncertain | / / 0 0 / 0




4. CONCLUSION

In this paper we presented a new clustering method
based on Linear Predictive Coding. Spectral analysis of
microarray data was performed to classify samples ac-
cording to their distortion values. This technique com-
bined with a Vector Quantization approach was vali-
dated using a standard microarray data set. Comparative
analysis of the results indicates that the LPC method
provides improved clustering accuracy compared to
some conventional clustering methods. Moreover, this
classifier does not require any form of training. The
only limitation of this method is its performance relies
on the size of the set to produce robust classification.
Further work is currently underway to compare this mi-
croarray clustering approach with other digital signal
processing methodol ogies.
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