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Abstract-Microarray technology provides an opportunity to view
transcriptions at genomic level under different conditions
controlled by an experiment. From an array experiment, few
hundreds of differentially expressed genes are selected and are
clustered using one of several standard algorithms. Generally, co-
expressed genes, which are members of the same cluster, are
expected to have similar function, but unfortunately it is not often
true. A functional annotation often refers to molecular function
and biological processes and there is no specific way to combine
the functional annotation when it comes to associating them with
clusters. We will show that the proposed method based on
singular value decomposition performs better than a typical
smoothing technique. Co-regulated genes are often expressed
simultaneously and are expected to have similar function. In this
paper, we will propose a systematic method to study the relations
among co-expression, co-regulation and functional annotations.
We will illustrate the method with a recent microarray
experimental conducted for identifying transcriptional targets of
integrin a6p4 for breast cancer progression.

Index Terms-Information content, gene ontology, annotation.

1. INTRODUCTION

A micro array experiment is conducted to study expression
profiles of genes in a specimen under different experimental
conditions, or over several different time periods. Statistical
tests are conducted to filter valid signals first and then a subset
of genes called differentially expressed genes is selected based
on their expression levels. The differentially expressed probes,
which roughly correspond to genes, are reduced to few
hundreds while the total number of probes of an experiment is
in the order of 40 to 50 thousands.

The differentially expressed genes are grouped together
based on the expression similarity using one of standard
clustering algorithms such as hierarchical clustering or k-mean
clustering. The genes of a cluster have similar expression
patterns and hence are called co-expressed genes. When a set
of transcription factors regulates a pair of genes, then they are
said to be co-regulated and the pair of genes are often co-
expressed. Also, co-regulated genes are likely to have similar
function. On the other hand, co-expressed genes are not
necessarily co-regulated and hence do not have to have similar
function.

In gene ontology, which is explained in section II, a gene is
associated with cellular component, biological process and
molecular function. A functional annotation of a gene often
denotes its molecular function or biological processes. We will
explore the relationship between the expression patterns and

its functional annotations in this paper.

Co-regulated genes share transcriptions factors; hence these
genes share binding sites. Since it is hard to obtain or find the
experimentally determined binding sites for many genes, we
will use putative binding sites for this experiment.

We provide background materials on gene ontology in
Section II, and on data fusion in Section III. It is followed by a
section on binding sites and data. It is followed by a section on
our approach, which discusses the proposed methods in
details. We summarize and discuss the work in section VII
followed by brief conclusions.

II.GENE ONTOLOGY

The gene ontology (GO) [1] project provides structured
controlled vocabularies to address gene products consistently
over several databases including FlyBase (Drosophila), the
Saccharomyces Genome Database (SGD) and the Mouse
Genome Database (MGD). The ontology describes gene
products in terms of their associated biological processes,
cellular components and molecular functions for each
annotated gene. Each description of a gene product is arranged
in a hierarchy from more general to very specific and the
corresponding graph forms a directed acyclic graph (DAG) in
which each node corresponds to a GO term and the label on
the arc corresponds to the relationship between the terms. The
relationship between a pair of GO terms includes part_of and
is_a. The terms that are of one hop distance from the node
corresponds to molecular function, say n,m, are said to be
terms at level 1. The terms that are at level k are at least k hop
distance from n,p. Similarly, the terms that are of one hop
distance from the node corresponds to biological process, say
M0, are said to be terms at level 1. The terms that are at level
k are at least k hop distance from 7.

If a gene is annotated, the information is given by the
corresponding GO accession numbers. Since a gene may be
associated with many functions, it may have many GO
accessions or GO terms.

III. DATA FUSION

Data fusion is a technique that combines different outcomes of
classifiers and produces an outcome that is better than any of
the individual outcome of a classifier. The classifiers are
trained with different sample of the training set or using
different features of training set. The problem of functional
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prediction may be viewed as classification problem of
assigning functional class to a given gene. Based on the
underlying approaches for fusing data, it can be broadly
categorized into (1) ensemble based fusion, (2) kernel based
fusion and (3) singular value decomposition (SVD) based
fusion. We plan to investigate and experiment with these data
fusion technology for their suitability for improving function
prediction accuracy. We briefly describe each method.

A.Ensemble Based Fusion

Suppose there are N different prediction systems or classifiers
and each of them is trained individually with different portions
of the training set or different aspects of the training set. Each
classifier has created its decision boundaries and has its own
error in prediction. The function prediction may be viewed as
a classifier that assigns labels to an unlabeled instance. There
are several variations among the algorithms on how the data is
being distributed among different classifiers, and how the
outputs of the classifiers are combined. Each classifier may be
assigned some weight reflecting the input choice and its
prediction accuracy. The easiest way to combine the output
would be a linear combination of the weighted averages of the
outcome, or enforcing voting mechanism. Having diverse
classifiers in the pool will improve the overall prediction
accuracy. Tumer et al. [2] has shown that the overall accuracy
will improve with diverse or uncorrelated classifiers.

The many ways of combing the results of individual
classifier in the ensemble include ranking, voting, sum,
product, combination of posterior probability and decision
templates. Theoretical analysis of combining results are
discussed in [3, 4].

B.Kernel Based Fusion

Kernel based methods [5, 6] embed an object or a data item,
say vector X, in high dimensional feature space I" denoted by
the mapping ®(x) and the embedding in the feature space is
implicitly specified by and inner product for the feature space.
A kernel is a symmetric positive semidefinite matrix with
elements, say a kernel function K(x;,x;), represents a vector
inner product of the embedded data <®(x;), ®(x;)>. Kernels
also have an interesting property that addition, multiplication
and exponentiation of kernels will also result into another
kernel by preserving symmetry and positive semidefiniteness.
This property makes it very attractive for data fusion.

Lanckriet et al. [7] have demonstrated the utility of kernel
based data fusion for classification of ribosomal and
membrane proteins of yeast.

C.Singular Value Decomposition based Fusion

Singular Value Decomposition (SVD) based methods has been
used very successfully in information retrieval [8-11]
especially in the context of latent semantic analysis (LSA) and
the technique found to be very useful for filtering and
linguistic ambiguity in information retrieval. SVD handles
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synonym (several words referring to the same concept) and
polysemy (one word refer to several concepts) by mapping key
words into a lower dimensional space of singular vectors
called eigen-keywords and eigen-document.

Let X denote a m x n of real valued matrix. The equation for
the singular value decomposition of X is given as the
following:

X =USsV' where U is a m x n matrix, S is n x n diagonal
singular matrix, and V matrix. Let S=
diag(sy,S;,.--,8n)- Also we have s; = s;,; for i=1 to (n-1). All the
variance in the data set in X is captured by all the non zero
members, say s; through s, of the singular values of S. To
capture 90% of the variance of X, the first » components of

IS n x n

k=r k=m
the singular values are selected such that zs,f >0.9x zslf .
k=1 k=1
Suppose we want to fuse different relevant features, say
f1,f,....f; pertaining to the gene function prediction of m genes
and these are represented by my,myp,...,mg matrices
respectively. Each feature matrix is normalized and the
composite matrix X is created by column concatenation of
My ,Mp,..., and mg. Clustering or appropriate classification is
done on the projected reduced dimension and it seems to have
a better results in a limited study done by us [12] for yeast
genome.

IV. BINDING SITES

The JASPAR CORE database [13, 14] contains a curated,
non-redundant set of 138 profiles of binding sites of 18
eukaryotes and provides open data access. All these profiles
are derived from published collections of experimentally
defined transcription factor binding sites for multi-cellular
eukaryotes. We preferred to use Jaspar for its open access
policy even though TRANSFAC [15] provides larger
collection of binding sites.

V.DATA

We are focusing on genes of Homo sapiens and their
expressions for this experiment. From Affymetrix site at
http://www .affymetrix.com, we have downloaded the
annotations (HG-U133A_2.na22.annot) for the genes that are
tested in a microarray experiment. To predict the binding sites,
we have downloaded the known or experimentally determined
promoter sequences (-1000 to +300 bp) from computational
biology and bioinformatics lab in Cold Spring Harbor
Laboratory at http://rulai.cshl.edu/.

Jun Chung and his associates at the LSU health Science
Center of Shreveport had conducted a microarray experiment
using the affymetrix HG-U133A_2 to identify transcriptional
targets of integrin a6B4. The goal of their study is to identify
a6P4 transcriptional targets important for breast cancer
progression. The a6p4 integrin, an epithelial-specific integrin,
functions as a receptor for the members of the laminin family
of extracellular matrix proteins. While the primary known
function of a6f34 is to contribute to tissue integrity through its
ability to mediate the formation of hemidesmosomes (HD)
there is growing evidence suggesting that this integrin also



plays a pivotal role in functions associated with cancer
progression. For example, high expression of this integrin in
women with breast cancer has been shown to correlate
significantly with mortality and disease states. However,
therapeutic targets of breast cancer that over-express o634 are
not yet well characterized. For this reason, it is essential to
elucidate the mechanism by which a6f4 contributes to breast
cancer progression.

Our study here describes the gene expression profile
obtained from MDA-MB-435 mock transfectants (a6p4
negative breast carcinoma cell line) and MDA-MB-435 b4
integrin transfectants (a6f4 positive breast carcinoma cell
lines). Out of oligonucleotide probe sets representing
approximately 22,277 genes, expression of b4 integrin in
MDA-MB-435 cells upregulates 149 genes by two fold or
higher. 193 genes are down regulated by over two fold change.
We anticipate that microarray data will lead to not only the
identification of a6f4 target genes that are important for
breast cancer cell growth, survival and invasion, but also
discover signaling pathways lead to the expression of these
genes.

A.Data preprocessing

The experiment is repeated three times and in each repetition
the expressions of genes under the following two conditions
are measured: (1) integrin negative cell line (control), and (2)
integrin positive cell line. Out of the 22,277 genes we have
selected only 8,512 genes that have valid signal in all
measurements. The average of the log ratio between the
integrin positive and the control expression in all the
repetitions is taken as the expression of a gene. From the
expressions, we could create different expression patterns
based on the values such as up regulated fold changes over 2
to 3, 3 to 4, and over 4. Among the down regulated genes, we
may have the similar groups. For simplicity, we have taken
only two patterns namely up regulated, and down regulated
genes. The up regulated genes are those that have fold
changes over 2 and the down regulated are those that have less
than 0.5 fold changes.

VI. OUR APPROACH

A.Relationship between expression and functional annotation

Let us start with focusing on the ability of functional
annotations in discriminating expression patterns; the up
regulated and the down regulated groups. The functional
annotations at level 2 of the up and down regulated genes are
obtained from the GO ontology. There are 164 molecular
functional terms at level 2 of molecular function, and 278
biological process terms at level 2 of biological processes. Not
all the selected genes are associated with many of the selected
terms. The functional terms that are associated with over 5%
of the selected genes are retained, and the genes that do not
have any annotations in the retained terms are also eliminated
in this analysis.

After applying the filtering, we are left with the following
41 biological process terms for analysis: regulation of
molecular function, establishment of localization, positive

regulation of biological process , macromolecule metabolic
process, regulation of metabolic process, system process,
establishment of localization in cell, primary metabolic
process, response to chemical stimulus, anatomical structure
development, negative regulation of cellular process, cell
motility, cell cycle, cellular localization, cell communication,
cellular metabolic process, regulation of cellular process, cell
cycle process, anatomical structure formation, biosynthetic
process, response to stress, positive regulation of cellular
process, cell proliferation, catabolic process, anatomical
structure morphogenesis, cellular developmental process,
negative regulation of biological process, gene expression,
macromolecule localization, regulation of biological process,
cell adhesion, transport, cellular component organization and
biogenesis, response to external stimulus, regulation of
developmental process, cell development, establishment of
protein localization, multicellular organismal development,
localization of cell, death, and regulation of biological quality.

Applying the similar filtering leaves the following 10
functional terms for further analysis: transferase activity,
nucleic acid binding, signal transducer activity, protein
binding, oxidoreductase activity, nucleotide binding, substrate-
specific transporter activity, ion binding, transmembrane
transporter activity, and hydrolase activity.

To determine the extent to which either one of these
functional groups can identify or discriminate expression
patterns, we have applied the following set of well established
machine learning algorithms[16]: naive Bayes, random forest
and J48 (variation of C4.5 decision tree). Each gene is
represented by a feature vector of either the retained molecular
function terms, or biological process terms. Suppose a gene,
say g, has functional annotations, say f; and f;, out of 5
retained functional term. The corresponding feature vector of
gene g is represented as

g: =(1,0,1,0,0). We use 10 fold cross validation which

involves randomly generating 10 different partition of the
labeled feature vectors and training the model with 9 partition
and test with the other one partition. This experiment is
continued 10 times so that every instance will be participating
as a training instance and as well as a testing instance in
different cycles of the process. The confusion matrix of each
machine learning algorithm with 10 fold cross validation is
given in tables 1 through 3.

TABLE 1
CONFUSION MATRIX OF NAIVE BAYES CLASSIFICATION
WITH 10 FOLD CROSS VALIDATION WHEN MOLECULAR
FUNCTIONAL FEATURES ARE USED FOR PREDICTING

EXPRESSION PATTERNS.
Pred. up reg. Pred. dn reg.
True up reg. genes | 42 77
True dn reg. genes | 35 114

The prediction accuracy of Naive Bayes with functional
features is 58.21%.
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TABLE 2
CONFUSION MATRIX OF J48 CLASSIFICATION WITH 10 FOLD
CROSS VALIDATION WHEN MOLECULAR FUNCTIONAL
FEATURES ARE USED FOR PREDICTING EXPRESSION

PATTERNS.
Pred. up reg. Pred. dn reg.
True up reg. genes | 23 96
True dn reg. genes | 29 120

The prediction accuracy of J48 with functional features is
53.36%.

TABLE 3
CONFUSION MATRIX OF RANDOM FOREST WITH 10 FOLD
CROSS VALIDATION WHEN MOLECULAR FUNCTIONAL
FEATURES ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 51 68
True dn reg. genes | 51 98

The prediction accuracy of random forest with functional
features is 55.6%.

Similarly, we have created feature vectors of genes using
biological process terms and have used the same classifiers
with 10 fold cross validation. The confusion matrix for the
classifiers are given in Tables 4 through 6.

TABLE 4
CONFUSION MATRIX OF NAIVE BAYES CLASSIFICATION WITH
10 FOLD CROSS VALIDATION WHEN BIOLOGICAL PROCESSES
FEATURES ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 67 47
True dn reg. genes | 66 88

The prediction accuracy of Naive Bayes with functional
features is 57.8%.

TABLE 5
CONFUSION MATRIX OF J48 CLASSIFICATION WITH 10 FOLD
CROSS VALIDATION WHEN BIOLOGICAL PROCESSES FEATURES
ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 64 50
True dn reg. genes | 56 98

The prediction accuracy of J48 with functional features is
60.45%.
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TABLE 6
CONFUSION MATRIX OF RANDOM FOREST WITH 10 FOLD
CROSS VALIDATION WHEN MOLECULAR FUNCTIONAL
FEATURES ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 69 45
True dn reg. genes | 55 99

The prediction accuracy of random forest with functional
features is 62.69%.

We will summarize the prediction accuracy of the three
classifiers when a gene is represented with either the biological
process, or molecular function feature vector.

TABLE 7
THE PREDICTION ACCURACY OF THE CLASSIFIERS FOR EACH
VECTOR REPRESENTATION WHEN APPLIED WITH 10 FOLD CORSS
VALIDATION.

Classifiers Prediction accuracy

Molecular function
feature vector

Biological process
feature vector

Naive Bayes 58.12% 57.8%
J48 53.36% 60.45%
Random forest 55.6% 62.69%

The results clearly indicate that neither the biological process
nor the molecular function alone has good predictive power or
to discriminate expression patterns. Let us normalize the
feature vector and combine them and test the predictive power
of the expression pattern. The results of the normalized vector
and corresponding confusion matrices are shown in Tables 8
and 9. We have not used naive Bayes classifier for feature
vectors with floating point value.

TABLE 8
CONFUSION MATRIX OF J48 CLASSIFICATION WITH 10 FOLD
CROSS VALIDATION WHEN BIOLOGICAL PROCESSES FEATURES
ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 67 36
True dn reg. genes | 52 76

The prediction accuracy of J48 with functional features is
61.9%.

TABLE 9
CONFUSION MATRIX OF RANDOM FOREST WITH 10 FOLD
CROSS VALIDATION WHEN MOLECULAR FUNCTIONAL
FEATURES ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 67 36
True dn reg. genes | 44 84

The prediction accuracy of random forest with functional
features is 65.37%.



When combining the normalized feature vectors of
biological process with molecular function, the overall
prediction has improved while the size of feature vector has
increases to 51. To reduce the dimensionality and to reduce
redundancy in the data set, we use SVD to the gene expression
matrix M as USV'. The variance of M is reflected in the
singular values of S. Throughout the experiment, we select the
singular values so as to cover 90% of the variance of the data
set. For the data set, the first seven singular values cover more
than 90% of the variance. The projected feature vector has size
of 23. Using the reduced feature vector, we ran the classifiers
with 10 fold cross validation and the corresponding the
confusion matrices are given in tables 10 and 11.

TABLE 10
CONFUSION MATRIX OF J48 CLASSIFICATION WITH 10 FOLD
CROSS VALIDATION WHEN BIOLOGICAL PROCESSES FEATURES
ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 76 27
True dn reg. genes | 60 68

The prediction accuracy of J48 with functional features is
62.33%.

TABLE 11
CONFUSION MATRIX OF RANDOM FOREST WITH 10 FOLD
CROSS VALIDATION WHEN MOLECULAR FUNCTIONAL
FEATURES ARE USED FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 68 35
True dn reg. genes | 44 84

The prediction accuracy of random forest is 65.8%

In table 12, we summarize the prediction accuracy of the three
classifiers when a gene is represented with either the biological
process, or and molecular function feature vector.

prefer hierarchical clustering for its visual appealing and
interactive user control.

The result of hierarchical clustering of projected genes using
Pearson correlation coefficient, and average cluster distance
with similarity index over 0.788 is shown in Figure 1. This
resulted in 28 clusters and out of which 17 clusters have 5 or
more genes.

B.Relationship between expression and co-regulation

The genes that are regulated together is said to be co-regulated
and therefore have a common subset of transcription factors.
Therefore, the co-regulated genes must share binding sites. In
the absence of experimentally determined binding sites for the
differentially expressed genes, we determine the common
binding sites computationally. We have downloaded the
known promoter sequences of Homo sapiens from
computational biology and bioinformatics lab in Cold Spring
Harbor Laboratory. We have also downloaded profiles of
common binding sites of Homo sapiens from Jaspar, which
provides open access to all the data sets. The profile of a
binding site is a matrix, say M, in which each row corresponds
to one of the four nucleotides a,c,g, or t while each column
represents the position of the binding site and an entry, say
M]Ja,j], denotes the counts of nucleotide a in position j. The
background probability is obtained by scanning the promoter
regions of the downloaded sequences. Using the background
probability and the profile, we have computed positional
specific weighted matrix (PSWM) of each common core
binding sites.

A putative binding sites, say BSy of length m, is determined
or located in a promoter sequence when the total weights of a
subsequence of length m exceeded the threshold that was set
for the binding site. Setting a proper threshold for determining
putative binding site is very important since lower threshold
will lead to false positive while higher value may lead to
excluding potential binding sites. Through simulations, we
have set appropriate threshold so as to achieve putative
binding sites with respectable lower p vale. The selected 49
common binding sites and the threshold are given in Table 13.

TABLE 12
THE SUMMARY OF PREDICTION ACCURACY OF THE 3 TABLE 13
CLASSIFIERS WITH DIFFERENT FEATURE VECTORS. ALL THE THE DETAILS OF BINDING SITES BEING USED FOR THE
RESULTS ARE OBTAINED FOR 10 FOLD CROSS VALIDATION. MF STUDY.
AND BP RESPECTIVELY STANDS FOR MOLECULAR FUNCTION AND | Binding Sites Threshold Length
BIOLOGICAL PROCESS. GATA2 7.30 5
Classifiers Prediction Accuracy in percentage GATA3 9.16 6
mf. Bp Normalized | SVD proj 90% MZF1_1-4 10.28 6
alone | alone | mf and bp mf. and bp SPI1 932 6
Naive bayes | 58.12 | 57.8 - - YY1 938 6
J48 53.36 | 6045 | 61.9 62.34 ETS1 8 48 6
forest SPIB 1143 7
We cluster the genes using the reduced feature vectors using USEI 12.55 !
. . . . . . NKX3-1 13.23 7
the following clustering algorithms (1) hierarchical clustering,
(2) k-nearest neighbor and (3) self organization map. We BRCAI 9.01 7
E2F1 14.80 8
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FOXCI 8.82 8

FOXD1 14.23 8

FOXL1 10.11 8

ELK4 16.28 9

Lhx3 15.70 9

SOX9 13.95 9

SRY 13.18 9

TFAP2A 10.52 9

ELK]I 12.88 10
GABPA 16.34 10
MAX 14.59 10
MEF2A 18.67 10
MIZF 16.15 10
MZF1_5-13 13.92 10
REL 14.29 10
RELA 17.02 10
RORA_1 15.95 10
SP1 13.56 10
MYC-MAX 16.15 11
NFIL3 16.53 11
NFKB1 17.04 11
CREB1 14.77 12
FOXI1 15.48 12
HLF 15.30 12
NHLH1 16.51 12
IRF1 17.64 12
Myf 17.12 12
PBX1 16.76 12
SRF 18.33 12
TEADI 17.40 12
TAL1-TCF3 16.51 12
NR2F1 16.66 14
FOXF2 16.34 14
Pax6 16.08 14
RORA_2 1891 14
TLX1-NFIC 19.67 14
STATI 18.55 14

We were able to get the promoter sequences only for a
subset of differentially expressed genes. We search for
putative binding sites in the upstream (-500bp) of the
transcription start sites and constructed binding site matrix.
From the matrix we have filtered out the binding sites that
were found less than 1% of the promoter sequences. The
binding sites reduced to the following 13: GATA2, GATA3,
ETS1, ZNF354C, SPIB, USFI, E2F1, RORA_1, SPI,
CREB1, FOXI1, Myf, and TALI-TCF3. Also we have
eliminated the genes that do not have any binding sites. With
the filtering, the set of genes that associated with some binding
sites reduced to 83 out off which 38 are up regulated and the
remaining 45 are down regulated. The p-values and the
percentage of sequences having these putative binding sites are
given in table 14.
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TABLE 14
BINDING SITE INFORMATION WITH P-VALUE.
Binding site Width Sequence % | P-value
GATA2 5 42.17% 3.74E-01
GATA3 6 4.82% 9.74E-02
ETS1 6 21.69% 2.85E-01
ZNF354C 6 10.84% 1.26E-01
SPIB 7 15.66% 2.49E-02
USF1 7 15.66% 3.26E-02
E2F1 8 241% 9.32E-03
RORA_1 10 1.20% 9.82E-04
SP1 10 6.02% 2.06E-03
CREBI1 12 1.20% 3.95E-03
FOXI1 12 1.20% 3.86E-03
Myf 12 1.20% 1.86E-03
TAL1-TCF3 12 1.20% 2.30E-03

To test the relationship between the expression patterns and
the co-expression, we represent each gene with binding sites as
the feature vector along with its label: up or down regulated.
Similar to the previous experiment, we have applied the three
classifiers namely the Naive Bayes, J48, and random forest
with 10 fold cross validation. The confusion matrices are given
in Tables 14 through 17.

TABLE 15
CONFUSION MATRIX OF NAIVE BAYES CLASSIFICATION WITH
10 FOLD CROSS VALIDATION WHEN BINDING SITES ARE USED
FOR PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes 12 26
True dn reg. genes | 22 23

The prediction accuracy of Naive Bayes with binding site
features is 42.16 %.

TABLE 16
CONFUSION MATRIX OF J48 CLASSIFICATION WITH 10 FOLD
CROSS VALIDATION WHEN BINDING SITES ARE USED FOR
PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes | 8 30
True dn reg. genes 12 33

The prediction accuracy of J48 with binding site features is
49.4%.

TABLE 17:
CONFUSION MATRIX OF RANDOM FOREST WITH 10 FOLD
CROSS VALIDATION WHEN BINDING SITES ARE USED FOR
PREDICTING EXPRESSION PATTERNS.

Pred. up reg. Pred. dn reg.
True up reg. genes 14 24
True dn reg. genes 15 30




The prediction accuracy of random forest with binding site
features is 53%.

VII. SUMMARY AND DISCUSSION

As the cost on conducting microarray experiment has come
down, the numbers of array experiments have increased so as
to obtain biomarkers, to study the underlying mechanism of
regulation, or to obtain annotation of a gene from another set
of annotated genes. It is important to understand the
relationships among co-regulation, functional annotation and
co-regulation.

We have outlined a general approach to study the relations
among gene expression patterns, annotations and co-
regulation. With the lack of experimentally determined co-
regulated information, we assume that genes sharing the
binding sites are the candidates of being co-regulated. We
have been using molecular function and biological processes
terms from gene ontology as the annotation of genes.

To illustrate the approach, we have been using the micro
array data set of Jun Chung and his associates for identifying
transcriptional targets of integrin a6p4. The goal of their study
is to identify a6f4 transcriptional targets important for breast
cancer progression. The expression of genes with a6f4
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Figure 1: Hierarchical cluster of projected feature vectors of biological processes and molecular function

positive breast carcinoma cell lines and o634 negative breast
carcinoma cell line (control) were obtained. The log of the
expression ratio ranges from -3.55 to 2.88 (fold changes from
0.085 through 7.36). We were focused on the differentially
expressed genes whose fold changes over 2 (up regulated) and
as well as those having fold changes less than 0.5 (log ratio
less than -1). For this experiment, the expression pattern could
have based on the ranges of fold changes, such as, 2 to 3, 3 to
4, and over 4. Or simply up regulated and down regulated. We
have taken the simple approach of having two patterns namely
up regulated and down regulated.

Each gene is associated with many functional terms of
varying degrees of specificity. In the GO terms hierarchy the
terms that is furthest away from the root (either the biological
process term, or molecular function term) are the most specific
compared to the ones closer to the root. A term, of course,
inherits all the annotations of its predecessors. For our
analysis, we have considered the annotation of terms at the o
level of the hierarchy, which has 164 molecular functional
terms, and 278 biological processes terms). The differentially
expressed genes have 41 biological terms and 10 molecular
functional terms.

To study the relationship between the expression patterns
and the functional annotations, we modeled a gene as a feature
vector of either the molecular function or biological processes.
If there is a close relationship between the expression patterns
and the associated function, then one expects the feature
vectors will provide a clear separation between the expression
patterns, in other word, prediction accuracy of expression

pattern will be higher when using classifiers with the feature
vector. The random forest yield the best prediction accuracy of
55.6% with molecular function feature vector, and 62.69 with
biological processes as feature vector. The details are
described in Section VI A. When we have normalized and
combine these feature vectors, the prediction accuracy
increased to 65.37 along with an increase of feature vector
dimension, which is 51. We have applied data fusion based on
SVDI[12] to capture the variation up to 90% that reduced the
dimension to 23. The prediction accuracy with the projected
feature vector is 65.8 which is slightly better than the previous
results of concatenation of feature vectors of molecular
functions and biological processes.

We take the projected feature vectors and cluster the genes
using hierarchical clustering algorithm [17] using Pearson
correlation coefficient, and average cluster distance with
similarity index over 0.788. The illustrative figure of the
cluster is shown in Figure 1. The algorithm produced 28
clusters out of which 17 have more than 5 genes and these 17
clusters are taken for further study.

In the absence of experimentally determined binding sites,
we have computed putative binding sites of those genes that
have known promoter sequences. The binding sites that have
over 1% sequence coverage were retained for the study. The
small motifs of length 5 or 6 have very high p value when
scanning 500bp of promoter sequences, which is often the
problem with the short motifs. We provide the details of the
binding site coverage and the p-values in table 14. The genes
that share binding sites indirectly related to co-regulated genes.
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To study the relationship between the expression patterns and
the co-regulation, we modeled a gene with binding site as a
feature vector along with expression pattern label as either up
regulated or down regulated, and use the set of classifiers;
Naive bayes, J48 and random forest. The confusion matrices
are given in Tables 14 through 17. The best prediction
accuracy with binding site feature vector is 53%, which is
quite low.

VIII.CONCLUSIONS

It is wundisputed that microarray technology has been
successfully used for determining biomarkers; highly up
regulated and as well as highly down regulated genes may be
used as possible bio-markers. On the other hand, inferring
either functional annotations or co-regulation with high
confidence from similar expression patterns is questionable.
However, combining or fusing different modalities of data and
cluster the genes seem to have a better cohesive cluster so as to
create new hypothesis for further study. We plan to combine
the binding site information along with molecular function and
biological process annotation and cluster the genes. The
binding sites that we have considered in this study may be
limited to what was available at the Jaspar site. We plan to
extend these binding sites from other resources.

The approach we have proposed is general and can be
applicable to any other array experiment with rich expression
patterns.
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