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Statistical Pattern Discovery for Microarray Data
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Abstract

Due to the inherent randomness in the
high throughput technique of microarray,
pattern discovery by statistica methods are
important to provide insights for biological
and medical studies. Thisthree-year project
is hence aimed at exploring a series of new
statistical tools for analyzing gene expression
data generated by microarray. We will
focus on the following major issues involved
in the tasks of data mining and knowledge
discovery for microarray data

The first is regarding the feature
representation to define main patterns for
microarray data. For data with time courses,



multiresolution analysis, like wavelets, will
be investigated. For data without time
course, different distance measures and
discretization methods will be studied.
Then, nonlinear dimension reduction
techniques can be further applied to adjust
the distance measures and search for intrinsic
dimension. These techniques can be
integrated with cluster analysis for
exploratory data anaysis, including
multidimensional scaling,  hierarchical
clustering, and so forth.

The next issue is about supervised
classification. Because current microarray
data only have hundred arrays with
expression profiles of more than thousands
genes, it is important to filter or screen
housekeeping or noninformative genes. In
order to solve the ill-posedness of these
classification problems, prior knowledge and
other related information will be incorporated
with advanced classification methods to
classify samples and the function of genes.
Prediction errors by cross-validation will be

studied to evaluate the performance.

Finally, it is intended to develop new
stetistical tools for inferring the pathways
from microarray data in this post-genome era.
New perspectives that emphasis the
particular properties of microarray data will
be addressed. Comparisons of all these new
methods with existing methods will be
performed as waell. Both cDNA and
oligonucleotide  chips  produced in
international and local research groups will

be studied for these methods.
Keywords: Data Mining, Knowledge
Discovery, Feature Representation,

Multiresolution Analysis, Wavelets, Cluster
Anaysis, Nonlinear Dimension Reduction,
Classification, Prior Knowledge, Prediction
Error, Cross-Validation, and Pathway
Anaysis.
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The massive amonut of microarray data
bring the big chalenge of developing
advanced data mining tools by statistical and
computational methods, which motivate our
great research interests in this three-year
project. In particular, these data are high
dimensional because the sample number is far
smaller than the gene number, which causes
the curse of dimensionality and stimulates the
development of new data analysis methods
(Donoho 2000). Therefore, this long-term
project is aimed to develop new techniques to
andyze microarray data generated by
international and local research laboratories
with state-of-art analysis tools and databases
in the world for statistically pattern discovery.

Focusing on specific scientific problems,
new data mining and knowledge discovery
techniques will be developed and investigated.
For example, filtering, screening, and
exploratory data analysis of microarray data
will be investigated. Dimension reduction
and visualization techniques will be invented
to extract the genuine feature in these data.
Integration of related databases and biol ogical
knowledge would be performed to verify and
confirm new findings. Systematical
methods for unsupervised clustering and
supervised classification will be developed.
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1. “Rapid divergence in expression between
duplicate genes inferred from microarray
data,” Trends in Genetics, 18, 12, 609-613,
2002.

Abstract:

For over 30 years, expression divergence has
been considered a major reason for retaining
duplicated genes in a genome, but how often
and how fast duplicate genes diverge in
expression has not been studied at the
genomic level. Using yeast microarray data,
we show that expression divergence between
duplicate genes is significantly correlated
with their synonymous divergence (Ks) and
also with their nonsynonymous divergence
(Ka) if Ka0OO.3. Thus, expression



divergence increases with evolutionary time,
and expresson divergence and Ka are
initially coupled. More interestingly, a large
proportion of duplicate genes have diverged
quickly in expression and the vast mgjority of
gene pairs eventually become divergent in
expression. Indeed, over 40% of gene pairs
show expression divergence even when Ksis
[10.10 and the proportion becomes > 80% for
Ks> 1.5. Only a small fraction of ancient
gene pars have not shown expression
divergence.

2. “Visualization, Screening, and
Classification of Cell Cycle-Regulated Genes
in Yeast by Multidimensional Scaling,
Nonlinear Dimension Reduction and Wavel et
Transform”.

Abstract:

We propose a new and integrated approach
for visualization, screening, and prediction of
gene functions using microarray data, based
on multidimensional scaing (MDS),
nonlinear dimension reduction and wavelet
transform. This approached is applied to
analyze the cell cycle of yeast in Spellman et
al. (1998). The results show that this new
approach indeed provides a visualization tool,
which displays the functional relationships
between genes, like the periodical pattern of
a cell cycle. This representation can be
further used to verify the functions of genes
explored by experimenta methods in
literature. Based on this representation with
biologica  knowledge, screening and
prediction of the functions of all genes can be
implemented. The performances of
different methods in screening and prediction
are evaluated by the Jackknife approach in
this study. Hence, this integrated approach
suggests a new perspective to discover and
classify the functions of genes through their
expression profiles by microarray. The
findings for cell cycleregulated genes in
yeast are also reported and discussed.

3. “Statisticd Analysis of the Gene
Expression for Non-synchronized Cell
Cycles of Human Glioma Cells after Gamma
Irradiation by cDNA Microarray”.

Abstract:

Microarray is a high throughput technique.
We can observe a large number of gene
expressions by this new technique in a short
time. In order to understand the gene
expression profilesin different phases of cell
cycles of human glioma cells after gamma
irradiation, microarray experiments are
performed in Professor Ngo's laboratory at
National Yang-Ming University (Ngo, Chan,
Chang, 2001). The experiments are
non-synchronized to imitate the in vivo
expression pattern.  Furthermore, these will
provide fast and economic approaches to
screen the gene functions. However, these
data bring us challenges in andysis. This
study is an attempt to separate the effect of
non-synchronization from the genuine cell
cycle function by dtatistical methods for
microarray data with cell proportions
measured by flow cytometry.
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