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Abstract

Microarray gene expression profiles of both renal cell
carcinoma (RCC) tissues and a RCC cell line were analyzed
using singular value decomposition (SVD) and functional
clustering. The SVD projections of the expression profiles
revealed significant differences between the profiles of RCC
tissues and a RCC cell line. Based on the biological pro-
cesses, selected genes were annotated and clustered into
functional groups. The analysis of each functional group
revealed remarkable gene expression alterations in the bio-
logical pathways in RCC and provided insights into under-
standing the molecular mechanism of renal cell carcinogen-
esis.

1. Introduction

The emergence of DNA microarray technology made it
possible to investigate the expression of thousands of genes
simultaneously [2, 4]. Recently, it has been widely used to
identify and study gene expression patterns for many solid
and hematological malignancies. To extract meaningful in-
formation from such massive data sets, many clustering and
visualization methods have been developed, including hi-
erarchical clustering, K-means, self organizing maps and
SVD. In this research, we analyzed the gene expression pro-
files of both RCC tissues and a RCC cell line using SVD and
functional clustering.

2. Methods

RCC tissue samples along with the patient-matched nor-
mal kidney tissues were obtained from six patients. The
RCC tissues were divided into two groups with three sam-
ples in each group. The patient-matched normal samples
were divided into two groups accordingly. Four pooled

total RNA samples from tissues and a total RNA sample
from a metastatic RCC cell line were reverse-transcribed
into cDNAs and hybridized to HuFL Genechips contain-
ing oligonucleotide probes for 7,129 human genes. The
expression levels of the 7,129 genes were preprocessed to
eliminate the genes whose signal intensities were not sig-
nificantly different from the background level. 3,145 genes
were selected after the preprocessing.

SVD has been widely used in data compression and visu-
alization [3]. Recently there have been many applications
of SVD to analyze microarray gene expression data [1].
The SVD of a real � � � (� � �) matrix � can be writ-
ten as: � � ��� � � where � � ���� � � � � ��� � ����

and � � �	�� � � � � 	�� � ���� are orthogonal matrices and
� � 
��
���� � � � � ��� � ���� is a diagonal matrix and
�� � � � � � �� � ���� � � � � � �� � �. The vectors
�� and 	� are the �th left and right singular vectors respec-
tively, �� are the singular values of � and � is the rank of �.
Based on the structure of the decomposition, the SVD ex-
pansion can be readily obtained: � �

�
�

���
����	

�

�
. The

magnitudes of singular values indicate how close a given
matrix � is to a matrix of lower rank. In gene expression
data analysis, each column of � represents the expression
profile of a corresponding sample and each row represents
the transcriptional response of a specific gene. The singular
values indicate how well a lower dimensional linear projec-
tion of the expression data can represent the original data.
In this study, the gene expression data were decomposed
and projected onto a 2-D subspace spanned by the first two
left singular vectors.

To analyze the expression profiles of genes in different
biological functional groups, selected genes were annotated
for biological process. The ontology is based on the de-
scription of the Gene Ontology Consortium. The annotated
genes were then categorized into functional groups and an-
alyzed based on the expression levels.
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Figure 1. SVD projections.

3. Results and Discussion

The expression matrix of the five samples based on the
3,145 selected genes was decomposed using SVD. The
resulting singular values �0.588, 0.176, 0.128, 0.0656,
0.0428� form a spectrum. We see clearly from the magni-
tude of the values that the first two singular vectors account
for more than 76% of the total variance in the expression
data. The projections of the five expression profiles onto the
first two singular vectors are displayed in Figure 1. We are
satisfied to see that the gene expression profiles of the two
normal tissue samples were clustered together. The differ-
ence between the two normal profiles reflects the variations
among different patients. The gene expression profiles of
the two RCC tissue samples were clustered into a distinct
group. More notably, we can clearly see that the profile of
the RCC cell line is well separated from the tissue groups,
indicating that the gene expression profile of the RCC cell
line is significantly different from the profiles of either nor-
mal or RCC tissue samples.

1,340 selected genes for RCC tissues were annotated
for biological process. The annotated genes were associ-
ated with 72 functional groups. 16% of the total 1,340
genes are up-regulated by at least 2-fold while only 9%
of them are down-regulated. The majority (75%) of the
genes are not differentially expressed. In many functional
groups, such as cell adhesion, cell motility, proliferation,
dominant majorities of the differentially expressed genes
are up-regulated, which suggests these categories are in the
up-regulated pathways and play significant roles in carcino-
genesis. On the other hand, only very few categories ap-
pear to be in the down-regulated pathways. More notably,
significant numbers of genes in metabolism and transport
are down-regulated, although some important genes in the
two groups such as manganese superoxide dismutase is up-
regulated and its overexpression at protein level is also ob-
served (T. Shi, et al., in preparation). These interesting gene
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Figure 2. Cell communication ontology tree.

expression patterns in RCC tissue samples suggest impor-
tant gene regulation pathways and also reveal remarkable
variations in the gene expression levels even within a func-
tional group such as metabolism. The gene ontology tree
that describes the gene expression patterns in the functional
group cell communication is shown in Figure 2. The first
integer following the name of each functional group repre-
sents the number of genes associated with the group. The
first percent number stands for the percentage of genes in
the group that are at least two-fold up-regulated in average.
The second number is the percentage of down-regulated
genes. Gene expression patterns in the RCC cell line were
also identified and analyzed (data not shown). The results
show that much higher percentage of genes in the RCC cell
line are differentially expressed than that in the RCC tissue
samples. This result further confirms that the gene expres-
sion profile in RCC cell line is significantly different from
that in RCC tissue samples as shown in Figure 1.

This study clearly demonstrates the usefulness of SVD
and functional clustering for the analysis of large microar-
ray gene expression data sets.
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