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Abstract-numerous studies have correlated variation in gene expression between individuals to phenotypic diversity in breast tumors. The main goal of
this study was to conduct plaid algorithm to biclustering of breast cancer gene expression data with the aim of identifying tumors subgroups with similar
clinical features. The real dataset that had been used in this research is the one which was used in Breast cancer (docetaxel resistance) article in 2005
that was included in CGED. Gene expression profiling was done with on data matrix containing 44 patients and 2453 genes. Plaid algorithm was used to
recognize gene expression patterns, after that, percent of significant genes in each bicluster was calculated with FDR. Biclustering algorithm has
discovered 265 co-expressed genes which was divided to 6 subgroups with similar expression levels. 175 number of these genes was identified
significant by FDR and expression levels were different in responder and non-responder. Randomization test and GO ontology did confirm the results of
biclustering algorithm. The increasing clinical use of genomic profiling demands identification of more effective methods to segregate patients into
prognostic and treatment groups. We have shown that biclustering can be used to select optimal gene sets for determining the prognosis of specific
strata of patients.
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1 INTRODUCTION death among women [6].Breast tumors, based on many
) , | . studies, are classified by grade and using certain
In biology, the cell is the basic structure of any organism. molecular biomarkers. Also, numerous studies have
All cells of an organism havigghe same gies tRQaaagld correlated variation in gene expression between
be a.t. different .exp.ressmn levels aciggs nu@erous individuals to phenotypic diversity in breast tumors [9].
conditions [1]. Scientists have concluded that different So, performing research i\gene expression profiling of
conqmi)ns COUld, affect it} dm t(eirn;s Of, whetl;j\r ba this disease can be useful to discover similar clinical
particu acrl %‘i ne s e.xpr,es;e l;n ?DW it cou . s characteristics and help researchers in diagnostics. In
expressed. . ¢ organisms .eat may be comproml.se. recent years, DNA microarray technology has provided
due to the different expressions present. Therefore, it is monitoring  of thousands of gene expression
crucial to evaluate the levelsf of genome WhEI.’I exposed to simultaneously when cells are under different conditions
tense factors [2]. By comparing gene expression patterns, and various processes. This technology has a key role in
tissues types, dlfferer.lt disease and time pom.ts, accelerating and increasing the efficiency of gene
researchers are able to inference about genes or special expression studies [10]. The development of this
cellule.1r condltlons. (31 ) Cancer, also @om as technique has led to the availability of gene expression
a malignant tumor, is a disease caused by failed tissue matrix with rows containing thousands of gene and
growth regulation, involving abnormal cell growth with columns containing hundreds of conditions [11].
]tghed poZentlT;l tof invade or splreaclil to other };arts 9f the Clustering is one of the most important techniques used
ody [4]. Therefore, a normal cell can transform into a for detecting pattern recognition [10]. But, traditional
cancer cell when the genes that regulate cell growth and clustering methods will have some issues to discover
differentiation are altered [5]. In 2012, about 14.1 million similar patterns in gene expression data [12]. In order to
new cases of cancer occurred globally. It caused about overcome these constraints and for the purpose of
8.2 million deaths or 14.6% of all human deaths [6].The finding the appropriate gene expression patterns
most common types of cancer in females are breast biclustering ~ methods  have  proposed  which
cancer, ;olc];rectal cancer, lung C?n;er, and fcerv1cal computational framework is more flexible [13]. A
cancer [7]. lzleas'ti Canczr 1151 one o tf e most ;?qu?nt bicluster is a subset of genes that has similar expression
cancers ‘évoz “171 de' ank.t ¢ mostbrequent a e.C’cu}lg patterns over a subset of conditions; so, biclustering
women [8]. Exclu mg; m Caniiers, reast cancer .IS :he methods have determined homogeneous submatrices
mo.st common cancer ciaghosed among women m the [14]. The first biclustering algorithm, the so-called Block
United States, accounting for nearly 1 in 3 cancers. After Clustering, was developed by Hartigan [15]. Cheng and
lung cancer, it is also the second leading cause of cancer
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Church proposed the first biclustering algorithm for the
analysis of high-dimensional gene expression data [14].
Since then, many different biclustering algorithms have
been developed. It is the opinion of the authors that
biclustering may be able to identify clinical significant
gene expression modules that stratify breast cancers
according to inter-tumors heterogeneity [16]. In this
study a biclustering technique was used, plaid algorithm
[17], to group breast tumors from 44 patients into
subgroups which were conditionally dependent on
expression profiles of specific gene subsets. The main
goal of this study was to conduct biclustering of breast
cancer gene expression data, to identify tumors
subgroups with similar clinical features.

K
Y=o+ ZeijkpikKjk
2 METHODS &

2.1 Data Resource

The real dataset that was used in this research is related
to Breast cancer (docetaxel resistance) article in 2005 that
was included in CGED [18]. First, all the data were
obtained using an advanced version of quantitative RT—-
PCR, that produces data of better quality than those
based on hybridization techniques. Second, tissue
samples were obtained mainly from a single hospital.
This eliminated deterioration of clinical data by a
difference in medical practice, commonly found in data
collected from multiple hospitals .Forty-four (44) breast
tumor tissues (22 responders and 22 non-responders)
were sampled through biopsy. Numbers of assayed
genes were 2453. This gene expression profiling of breast
cancer samples were designed to develop a method for
prediction of patients' response to docetaxel. Individuals
that had more than 50% response to treatment were
defined as responders. The data in this database are
quite unique both in analytical and clinical aspects. First,
all the data were obtained using an advanced version of
quantitative RT-PCR that produces data of better quality
than those based on hybridization-based techniques.
Second, tissue samples were obtained mainly from a
single hospital. This eliminated deterioration of clinical
data by a difference in medical practice, commonly
found in data collected from multiple hospitals [19].

2.2 Biclustering Algorithm

Distribution parameter identification is one of the
biclustering algorithms, in which it is assumed that the

data structures follow a statistical model and tries to fit
its parameters to the data by minimizing a certain
criterion through an iterative approach. Plaid models,
Spectral biclustering and Rich Probabilistic Models are
some examples of this kind of biclustering. Among
them, the Plaid model [17] is arguably one of the most
flexible biclustering models up to now. This model was
proposed by Lazzeroni and Owen and modified by
Turner et al. It defines the expression levels as a sum of
layers, constructed as biclusters. This model assumes
that the level of matrix entries is sum of the uniform
backgrounds and k biclusters. So the expression matrix
with I genes (Rows) and ] conditions (Columns) is
represented as

Where y, is a general matrix background and 8, = py +
ik + Bjk , and py is the added background in bicluster k,
and aand  are column specific additive constants in
bicluster k. Also, pj € {0,1} and «;, € {0,1} are gene-
bicluster = membership and  condition-bicluster
membership  indicator  variables. =~ The  general
biclustering problem is now formulated as finding
parameters values, so that the resulting matrix would fit
the original data as much as possible. Formally, the

problem is about minimizing);;; [Yi]- - ei]-kpikkl-k]z.

2.3 Evaluation

Validation of the biclustering algorithm is difficult. In
this study, evaluation of discovered biclusters was
performed in two ways:

1. A test statistics was conducted for evaluation of
significance of biclusters. For this purpose, a hypothesis
test was conducted to demonstrate that known biclusters
were not identified just by chance. This was performed
by constructing 1000 permutations random sample of
the gene expression dataset with size 205 and then
compared the number of known biclusters identified by
the method, with the number of discovered biclusters in
the random set. Number of corrected bicluster was
computed and then the mont-carlo p-value was
calculated. If p-values smaller than 0.05, then the
hypothesis of discovering bicluster by chance is rejected.

2. The result of the different Dbiclustering
techniques in microarray data is groups of genes,
strongly co-expressed with each other. These genes are
expected to have the same functions. Gene ontology
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biological process could be the function that measures
these similarities and cover three domain -cellular
component, molecular function and biological process.
GO Enrichment Validation is a hypergeometric test for
GO enrichment. This statistical test is significant if the
genes in the biclusters are annotated with GO terms, and
are not specified by chance [20].

3 RESULT

Gene expression profiling was done with a data matrix
containing 44 patients and 2453 genes. First, the data set
was normalized with median approach and then
missing values were imputed using the K Nearest
neighborhood method. Information about discovered
biclusters is shown in Table 1. In this table, the first
column contains the label of each bicluster. The second
and third columns report the number of genes and
conditions respectively and the last columns contains the
mean square residue (MSR) of the biclusters. MSR is a
measure that shows how each bicluster are homogenies
and so small values of that are better.

Table 1: Information about the bicluster result

Label Genes Conditions MSR

A 187 2 3.21
B 37 5 3.59
C 23 8 4.46
D 15 6 2.24
E 4 12 1.14
F 3 8 2.40

The results of the method show that MSR are proper. All
biclusters which were in gene expression levels of
responders, demontrated that 265 co-expressed genes
are divided to 6 subgroups with similar expression
levels. Figure 1 shows the biclusters in the bubble plot
and each circle consists of co-expressed genes. As shown
in this graph, there is very small overlap between
discovered biclusters and the almost independent
biclusters. The evaluation of the significance of the
discovered biclusters was performed by F test. The result
is shown in Table 2, which shows statistical significance.

R
)

Figurel: bubble plot for genes identified by biclustering
using plaid algorithm

Table 2: Test for significantly of discovered biclusters

F stat Pvalue

Row Effect 25.51 2.5%-21
Column Effect 2.87 1.02e-02
Tukey Test 0.019 8.91e-01

3.1 Biological Significant

Table 3 shows the significant GO terms for the set of
genes, discovered by each biclusters result along with
their p-value. The web tool David was used to evaluate
the enrichment analysis of discovered biclusters [21]. For
each bicluster, we first denoted numbers of GO term and
then calculated percent of significance of the GO terms.

3.2 Molecular Features

Fold change is often used in analysis of gene expression
data in microarray experiments, for measuring change in
the expression level of a gene. The definition of the fold-
change in this study for each gene was defined as mean
of expression levels of the gene in responders to non-
responders. This measure was evaluated for significance
by t-test statistics and FDR method. Figure 2 shows
percent of significant gene that discovered in every
bicluster. Fold-change is measured to select the
differentially expressed genes as the representatives of
these Biclusters.

3.3 Randomization test

In this study, for each permuted sample, we
calculated number of biclusters and number of genes by
Plaid model and by random selection. If number of
genes in random sample was at least at 80 percentile fold
of number of the genes discovered by Plaid model, we
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accepted that model was identified biclusters by chance.
In this study number of identified biclusters by chance
was 15 and p-value=0.015, so hypothesis of selected by
chance was rejected.

® percent

Figure 2: percent of significant gene in each biclusters
with fold change method

4 Discussion

The increasing clinical use of genomic profiling
demands identification of more effective methods to
segregate patients into prognostic and treatment groups.
We have shown that biclustering can be used to select
optimal gene sets for determining the prognosis of
specific strata of patients.Gene expression patterns
associated with docetaxel sensitivity and resistance are
highly complex. In the past, investigators use single gene
biomarker to assess sensitivity and resistance and so
they did not carry out any correlation between
commonly measured predictive and prognostic markers.
There is a little information about the usefulness of gene
expression array in human breast cancer. The aim of this
study was to discover patterns of many genes that could
be used as a predictive test in patients as well as exclude
genes with low and differentially expressed breast
cancer. This study have shown that the biclustering
analysis of data reveal correlated structures in the
responders to docetaxel. There are 6 biclusters to be
discovered. These results suggest that the patterns of
gene expression are likely to involve many genes in
pathways and support the idea that the patterns of
expression levels of many genes could be successful in
distinguishing between sensitive and resistant tumors.
Randomization method and gene ontology analysis,
have shown that the biclusters results are proper. To
identify molecular features, differential expression levels
in each bicluster were examined between responders
and non-responders by Fold Change. The results show
that at least 50% of the genes in responders and non-
responders in the biclusters were significant. As shown

here, using the Plaid algorithm, it can be concluded that
good results are obtainable using the biclustering search.

Table3 Gene Ontology and Enrichment Analysis for
Discovered Biclusters

Number Percent of

Bicluster ~ Ontology of significant
GO term pvalue

BF 97 80.41

A MF 27 92.59
CC 17 64.71
BF 511 86.11

B MEF 76 88.16
CC 93 82.79
BF 60 75

C MF 10 60
CC 11 81.82
BE 4 50

D MEF 1 100
CC 3 100
BF 118 81.36

E MF 20 90
CC 35 88.57
BF 5 62.12

F MEF 2 50
CC 3 66.67

BF: Biological process
MF: Molecular function
CC: Molecular function
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