A

Computational Molecular Biology 2015, Vol. 5, No. 5, 1-9 A
BioPublisher®

http://cmb.biopublisher.ca

ReviewArticle Open Access

Meta Analysis of Gene Expression Data of Multiple Cancer Types To Predict
Biomarkers and Drug Targets
Shashank K.S.!, Mamatha H R.*, Prashantha C.N.2"™

1 Department of Information Science, PES Institute of Technology, Bangalore, India

2 Department of Biological sciences, Scientific Bio-Minds, Bangalore, India

= Corresponding author email: prashanthacn@gmail.com

Computational Molecular Biology, 2015, VVol.5, No.5 doi: 10.5376/cmb.2015.05.0005

Received: 17 Aug., 2015

Accepted: 25 Sep, 2015

Published: 16 Oct., 2015

© 2015 Shashank et al This isan open access article published under the terms ofthe Creative Commons Attribution License, which permits unrestricted use,
distribution, and reproduction inany medium, provided the original work is properly cited.

Preferred citation for this article:

Shashank K.S., Mamatha HR. and Prashantha C.N., 2015, Meta Analysis of Gene Expression Data of Multiple Cancer Types To Predict
Biomarkersand Drug Targets Interactionsin Ovarian Cancer, Computational Molecular Biology, 5(5): 1-9

Abstract Meta analysis of gene expression data of multiple cancer types such as breast, colon and ovary used to identify gene
signatures that functionally used as a marker to prognosis and molecular diagnostics. There is a reliable identification of gene
signatures is associated with different cancer types remains a challenge. The aim of this study is to develop microarray statistical data
analysis methods and SVM classifiers to identify differentially expressed genes in different cancer types. Using our method to
perform 16 datasets such as 6 breast cancer, 4 colon cancer and 6 ovarian cancer of different datasets. Our results is analysed in 4
different methods (a) preprocess the data to identify quality expression of datasets by removing null values and non significant values
(p<0.05) (b). Differential gene expression analysis using statistical analysis to predict upregulation and downregulated gene
signatures (c) subgrouping of datasets that has been classified based on cancer types (d) gene network prediction to identify
gene-gene interaction to understand biological markers. We have predicted 8 markers in breast cancer, 10 markers in colon cancer

and 16 markers in ovarian cancer is providing new direction for diagnostics and therapeutic development..
Keywords breast cancer; Colon cancer; Ovarian cancer; M icroarray; Statistics; Limma; Biocoductor; geNET Classifier

Introduction

Cancer is a large family of disease that can threat to
people’s health ad life. According to 2014-15 survey
shows 22% of disease death is observed in worldwide
(Cancer Fact sheet N297, WHO, 2014). In India
cancer is second largest death following with heart
disease. The statistical survey of cancer shows 82% of
women is affecting breast cancer, 62% of men and
women is affecting with colon and 90% of women is
affecting with ovarian cancer (Matsushita K et al.,2010)
The decreased trend in diagnostics techniques for
identification of cancer in early stage of development.
In the 21° decade, molecular biomarkers that helps to
identify disease in early stage. In the current research
using three cancer types (breast, colon and ovarian
cancer) is helps to identify molecular markers using
microarray technique.

In the present year 9.1 million women is affecting
with breast cancer in worldwide. In addition 232,670
women is diagnosed with in a year. 30% of women

population is affected due to genetic abnormalities
such as mutation of BRCAlL1 ad BRCA2 genes
(Dumitrescu RG et al.,2005). In addition there are
some other oncogenic genes such as k-RAS, p53,
PTEN, NBS1 etc also causing breast cancer (Honrado
E et al.,2006). The colon cancer also leading cancer
types that frequently affecting other tissues such as
lungs, breast and prostrate tissues. The genetic
alterations of k-RAS, APC, P53, B-catenin, GSK-3
that mainly affect WNT- B-catenin signaling pathways
that also affects breast and ovarian cancer (\Vbgelstein
Bet al., 1988), (Fearon ER et al., 1990). The epithelial
ovarian cancer & ako dangerous cancer type in women,
the mutation of p53, BCL-XL, EGFR, MDM2, MCI-2,
NOXA etc is mainly involved in ovarian cancer
(Baekelandt M et al., 1999), (Kupryjanczyk J et al.,
2003), (Nielsen JS et al., 2004). A number of genetic
marker has been proposed to identify cancer such as
BRCAL, BRCA2 of breast cancer, APC, GSK-3p of
colon cancer and CA125 of ovarian cancer. In addition
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there are more number of serum markers that helps to
clinically diagnostics through breast, colon and ovarian
cancer. However, its effectiveness of detecting more
genetic markers that widely considered to use more
advanced techniques such as DNA microarray
technology to identify genetic profiling of cancer by
allowing thousands of genes that significantly
associated with cancer types (Golub TR 2001),
(Elvidge G 2006).

Herein we present computational methods to predict
genetic markers of three types of cancer based on
microarray data. Using different biological algorithms
to preprocess the data that significantly predicts the
quality of intensity values that shows screening of
datasets. Using statistical techniques to predict
differential gene expression of both upregulated and
down regulated. We have compared the Meta analysis
to predict markers of multi-cancer types are based on
high level computing power. Using gene-gene
network study shows various significant genes that
specifically regulated either with multi cancer types
specifically. We believed to these novel genes that
shows gene profiling expression will provide high
valuable markers those new approaches in diagnostics
and therapeutics.

Materials and Methods

The Meta analysis of three different cancer diseases
such as breast, colon and ovarian cancer datasets were
retrieved from GEO database. The Datasets of breast
cancer (GEO ID: GSE30543) of 6 samples with
SUM149 control siRNAs and siRNA targeting TIG1
replicates (Wang X1 et al., 2013). The colon cancer
dataset (GSE34299) of 4 samples has HT29 parental
cell lines and HT29RC PLX4720 resistant cell lines
grown in increasing concentration of the drug to
develop acquired resistance (Mao M1 et al., 2012).
The ovarian cancer dataset (GSE35972) of 6 samples
has untreated TOV112D cells and NSC319726 treated

with different biological replicates (Yu X1 et al.,2012).

All the datasets with different samples is analyzed
using GPL570 (HG-U133_Plus_2) Affymetrix human
genome array platform. All probe sets of HG-U95Av2
is identically replicated on the diseased transcript
variant. The RNA probe sets were derived from
RefSeq, dbEST and GenBank. The sequence clusters

were created from the UniGene database and gene
names were refined by publicly available databases.
Using Statistical analysis software such as R and
BioConductor to analyze pre-processing and differential
gene expression to classify breast, ovarian and colon
cancer genes that used as a potential drug targets.

Pre-processing of Raw Microarray data

Using Affy and affycoretools of BioConductor packages
is used to pre-process the data (R Core Team 2012),
(Robinson MD et al, 2010). There are different
algorithms & used such as RMA and MASS5 algorithms
that helps to pre-process the data to correct both
foreground and background intensities of all probes.
Different statistical techniques used in normalization
of probe sets such as constant, quintiles and invariant
set that predicts the PM and MM corrections.
However, the signal intensity for MM probe can often
be larger than PM probe implying that MM probe is
detecting true signal as well as background signal.
After correction of all intensity levels is used for
differential gene expression in each disease datasets.

Differential gene Expression analysis

After pre-processing of datasets, the resultant CEL
files used for differential gene expression. Using Limma
packages to predict differential gene expression data
arising from microarray RNA samples. For datasets of
control and cancer samples of differential levels change
between two samples which genes are up-regulated
(increased in expression) or down-regulated (decreased
in expression). The clustering of genes that follows
expression patterns across a set of samples, or
clustering samples with similar expression patterns
across genes. Each sample group will contain
numerous replicates. The group expression level for a
probe will be summarized as the mean of the
expression levels in the group replicates. Thus,
differential expression problems are a comparison of
means. When there are two sample groups this is a t
test of some kind (Prashantha N et al., 2013). The
clustering of up regulated and down regulated genes
were predicted with clustering experiment. Hierarchical
clustering of differentially expressed genes with respect
to probable expression of B values with correlation
coefficient of control-cancer datasets. The relationship
among objects are represented by a tree whose branch
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lengths id different with differential gene expression
(Parker JS et al,2009). The differential expressed genes
were annotated using GO.db package. The Annotation of
HGU 133plus 2 package of GO annotation helps to
understand the genes involved in differential expressed
genes along with biological process, molecular function
or cellular components of genes with systematic
classification.

Comparative analysis of diffe rentially expressed
genes

Using geNET Classifier algorithm to classify the genes
was differentially expressed in different disease
datasets along with gene networks. The genome-wide
association studies of expression sets or expression
matrix files of ranked genes, probe sets of different
variables & optimized with training sets. Using multi-class
SVM based classifier to quires genes chosen for
classification; the mutual-information (interactions)
and the co-expression (correlations) between the genes
are also calculated and analyzed by the algorithm.
These allow estimating the degree of association
between the variables and they are used to generate a
gene network for each class. These networks can be
plotted, providing an integrated overview of the genes
that characterized each disease (i.e. each class).

Functional Annotation and Enrichment
Analysis

In order to obtain the functional enrichment of the
differentially expressed genes on the cell level, we
used the GO (Gene Ontology) database to classify the
gene function and location information. We performed
GO cluster analysis by using the cluster Profiler package,
then deduced the affection of these differentially
expressed genes to the cells by cluster the cells within
the molecular functions and biological processes. The
Database for Annotation, Visualization and Integrated
Discovery (DAVID) (http://david.abcc.nciferf.gov) and
GOirilla tool were used to identify over-represented
biological functions and pathways among the

differentially expressed genes.

Results and Discussion

This study is focused on three of the most prevalent
cancer types such as 6 breast cancer, 4 colon and 6
ovarian cancer microarray datasets is available in

publicly available GEO database. The datasets contains
cancerous genome sets corresponding with control
tissues that help to predict drug targets of each
individual cancer types or groups of cancers as
gene-gene interactions.

Prediction of drug targets for individual
cancertypes

We have searched individual datasets of each cancer
types whose gene expression patters is classified
based on cancer types and control tissues. Specifically,
all datasets is classified to predict drug targets that
specifically distinguishing the cancer types of both
disease and control types. In addition, we have ranked
the k-genes that significantly expressed in both
upregulated and down regulation that classified based
on gene-gene interaction studies.

A. Breast cancer

The analysis of breast cancer dataset contains 6 samples
such a 3 SUM149 cells transfected with control
sample of siRNA and SUM149 cells transfected with
SiRNA targeting of tarzarotene-induced gene 1 (TI1G1).
All these 6 samples is annotated with hgul33plus2
contains 54675 genes, using normalization methods to
filter the genes that significantly associated with
p-values, we have filter the 54675 genes of which
12788 genes that has significantly associated with
gene expression. 1220 genes have upregulated and
11568 genes are downregulated that differentially
expressed in breast cancer. Using SVM classification,
we have identified the 1275 most common significant
genes that associated with breast cancer. Among the
1275 genes 751 genes that encodes proteins, these
protein codes genes that helps to predict disease target
genes that helps for drug targets to control disease
(Figure:1). Using functional annotation and enrichment
analysis 130 genes that significantly upregulated
these genes such as SHISA2, FBX023, mmp7, fnl,
Cfi, Egrl, DCLK1, DCN, SERPINB3, SERPINB4,
MAP3K4, ITGBL1, OLFML3, NPY1R and
PHLDA1 genes is mainly associated with
transcriptional regulation of breast cancer (table:1).
Using gene-gene interaction studies of both classes
shows 30 genes that significantly associated with
gene regulation. There are 8 genes such as FBX023,
MMP7, FN1, CFIl, DCN, SERPINB3, SERPINB4
and MAP3K4 is expressed in blood serum within breast
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Figure 1 Significant genes of breast cancer cells that differentially expressed in disease and control tissues

Table 1 differentially expressed genes is significantly associated with genetic mutation of breast cancer

Genes pValue FDRB&H FDRB&Y Bonferroni
SHISA2, FBX032, MMP7,FN1, CF1, EGR1, DCLK1 4.81E-10  9.85E-07 8.08E-06 9.85E-07
FBX032,FN1,DCN, CF1, SERPINB3, SERPINB4, MAP3K4 1.30E-09  1.34E-06 1.10E-05 2.67E-06
ITGBL1,EBX032, MMP7,FN1,DCN, CF1,OLFML3, M AP3K4 6.36E-09  4.35E-06 3.57E-05 1.30E-05
NPY1R, FN1,DCN, CF1,PHLDA1, EGR1, DCLK1 2.99E-08  1.53E-05 1.26E-04 6.13E-05
FBX032,FN1,DCN, CF1, SERPINB3, SERPINB4 7.49E-08  3.07E-05 2.52E-04 1.54E-04

cells and is used for potential serum biomarkers
(table:1, 2) (Figure: 2).

B. Colon Cancer

Our analysis was done using 4 datasets of which 2
samples are HT29 parental cell lines and another two
samples are HT29RC PLX4720 resistant cell lines.
We have found 268 upregulated genes is consistently
expressed in HT29RC cell lines. There are 1268 down
regulated genes also associated with both cell lines
and control tissues. Using SVM classifier to differentia
more significant genes of both conditions that
differentially expressed in colon cancer has 60 genes,
out of 60, 45 genes has protein expression these genes
is combines together with both upregulated and down
regulated within colon tissues (Figure: 3). We have
found 10 genes is generally expressed on blood serum
of colon tissues and is potentially used as a best
predicted biomarkers. Using functional annotation and
enrichment analysis of differentially expressed genes
shows that KRAS, DPT, PROM1, MMP1, MMP?7,
FBN2, MAOB, SPRR3, PHLDB2, EMP1, DCLKI,

AKAP12 genes that regulate colon cancer (table: 3, 4).

Figure 2 Gene-gene interaction network predicted using
geNET Classifier on breast cancer data
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The MMP1 and MMP7 genes is mainly involved in
colon tissues by regulating immune response, K-ras
are an oncogene it helps to transcriptional regulation
by inhibiting p53 gene expression with MDM2
receptor to cause colon cancer (Figure: 4).

C. Ovarian cancer

The ovarian cancer studies has 6 samples of which 3
samples is p53 targeted TOV112D cells untreated and
other 3 samples P53 targeted NSC319726 cells data.
There are total of 54675 genes of which 1566 genes is
significantly associated differential expression in

ovarian cancer. There are 810 genes is upregulated
within ovarian tissues of which p53 associated with
cancer and control tissues, 756 genes dow regulated
based on significant test (Figure: 5). Using SVM
clessification methods we have classified both significant
genes in both the datasets shows only 309 genes is
probabilistic expression with ovarian cancer. 175 genes
is p53 mutation association with TOV112D and
NSC319726 cells, these genes & targeted for ovarian
cancer therapeutic properties and is used for best
biomarkers (table:5,6). The significant genes associated

Table 2 Significant genes in breast cancer that is involved in gene-gene interaction

Gene Ranking Gene ID M ean Diff Express UP/Down Redundant
1 241763_s_at 1.92 UpP FALSE
2 1558048 x_at 1.4645 uP TRUE
3 241762_at 1.4404 UP TRUE
4 225803 _at 1.352 UpP TRUE
5 211906_s_at 1.3315 UP TRUE
6 202270 _at 1.3159 UP TRUE
7 231577_s_at 1.2727 UP TRUE
8 205440_s_at 1.2299 UP TRUE
9 214702_at 1.3266 UpP TRUE
10 202269_x at 1.1202 UP TRUE
11 204259 _at 1.2022 UpP TRUE
12 227404 _s_at 1.1577 UP TRUE
13 209720_s_at 1.1845 UP TRUE
14 229800_at 1.0121 UP TRUE
15 225328 _at 1.0491 UP TRUE
16 218162_at 1.0409 uUpP TRUE
17 238623 _at 1.0733 UP TRUE
18 230493 _at -0.8728 DOWN FALSE
19 209719 x at 0.966 UP TRUE
20 210413 x at 0.9609 UP TRUE
21 222940_at 0.9466 UpP TRUE
22 201694 _s_at 0.9359 UP TRUE
23 211896_s_at 0.8786 UP TRUE
24 217997_at -0.9454 DOWN TRUE
25 205422_s_at 1.0944 UpP TRUE
26 219553 at -0.8652 DOWN TRUE
27 203854 _at 0.8962 UP TRUE
28 224549 x at 0.8446 uUpP TRUE
29 209335_at 0.8693 UP TRUE
30 232573 _at 0.8754 UpP TRUE
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Table 3 Differentially expressed genes is significantly associated with genetic mutation of colon cancer

Genes pValue FDRB&H FDRB&Y Bonferroni
MMP1,MAOB,SPRR1A, 1.08E-04 2.82E-01 1.09E-02 9.16E-02
SPRR3,PHLDB2

SPRR1A,SPRR1B 1.38E-04 3.61E-01 1.18E-02 9.92E-02
EMP1,MAOB,DCLK1,AKAP12 2.70E-04 7.04E-01 1.46E-02 1.23E-01
PROM1 1.18E-03 6.49E+00 3.26E-03 2.99E-02
KRAS 1.18E-03 6.49E+00 3.26E-03 2.99E-02
Table 4 Significant genes in colon cancer that is involved in gene-gene interaction

Gene Ranking Gene ID M ean Diff Express UP/Down Redundant
1 205064_at 2.385 UP FALSE
2 205488_at -2.2332 DOWN FALSE
3 206505_at -2.1166 DOWN TRUE
4 226517_at 0.9886 UP FALSE
5 227529 _s_at 1.0332 UP FALSE
6 224009_x at 1.5783 UP TRUE
7 1557796_at 1.1084 UP TRUE
8 210517_s_at 1.7642 UP TRUE
9 214452 _at 0.8011 UP TRUE
10 1559203_s_at 0.9882 UP TRUE
Table 5 Differentially expressed genes is significantly associated with genetic mutation of Ovarian cancer

Genes FDRB&H FDRB&Y Bonferroni
NOS3,EDN2 1.13E+01 1.33E-02 1.16E-01
PTEN,MLH1,PMS2,APC,MSH2 8.71E-03 1.53E-04 1.23E-03
BAX,FANCC,MLH1,VDR,APC 1.94E+01 2.65E-02 2.32E-01
FAS 4.51E+01 4.70E-02 4.12E-01
BAX,PTEN,FANCC,MLH1,VDR, 2.38E+01 3.07E-02 2.69E-01
APC,TP73

CDKN1A,PTEN,MDM2,DDB?2, 1.38E-14 1.97E-15 2.27E-14
GADDA45A FANCC,HRAS MLH1,

DNMT1,VDR,PMS2,APC,TP53I3,

MSH2,IGFBP3,EGFR,TP53

PTEN,MDM2,TP53 3.36E-03 1.10E-05 1.27E-04

with ovarian cancer such as CDKN1A, PTEN, MDM2,
DDB2, GADD45A, FANCC, HRAS, MLH1, DNMT1,
VDR, PMS2, APC, TP5313, MSH2, IGFBP3, EGFR,
APC, MSH2, MET, CHMP4C, BIRC5, EGFR, TP53
TP63 (Figure: 6).

Conclusion

A statistical methods to predict differential gene
expression analysis that significantly associated
with cancer and control samples of breast, colo and
ovarian cancer cell types. A different computational
protocols for predicting biomarkers in cancer tissues

that corresponds with individual gene markers.
Using functional enrichment analysis across all
cancer types have identified different functional
characters of genes that specifically helps for
biomarkers. Using this application is helps to
identify biomarkers for further diagnostics to identify
disease in early stage of infection and disease
progression. The information provided on individual
genes that should provide useful information to
elucidating pathways in cancer as well as expeditig the
search for potential drug targets for specific cancer.
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Table 6 Significant genes in ovarian cancer that is involved in gene-gene interaction

Gene Ranking Gene ID M ean Diff Express UP/Down Redundant
1 209173_at 1.2714 UP FALSE
2 204580 _at -1.2938 DOWN FALSE
3 206378_at 1.1423 UpP FALSE
4 1555745 _a_at -1.1253 DOWN FALSE
5 240304 _s_at 1.1246 UP FALSE
6 209602_s_at 1.1043 UpP FALSE
7 215729 s_at -0.8966 DOWN FALSE
8 228241 _at 1.0233 UP TRUE
9 205048_s_at 0.997 UpP FALSE
10 227662_at 1.027 UpP FALSE
11 228915_at 1.0024 UpP TRUE
12 214451 _at 0.8899 UpP TRUE
13 237339 _at 0.9032 UpP TRUE
14 219580 _s_at 0.8417 uUpP TRUE
15 205239_at 0.8214 UP FALSE
16 237086_at 0.8232 UpP TRUE
17 204667_at 0.7949 UpP TRUE
18 223864 _at 0.7965 UpP TRUE
19 214774 x at 0.8386 UP FALSE
20 216623_x_at 0.8309 UpP TRUE
21 226597 _at 0.767 UP TRUE
22 206157 _at -0.7531 DOWN FALSE
23 238778 _at 0.7077 UpP FALSE
24 238017_at 0.7999 UP TRUE
25 203820_s_at -0.8356 DOWN FALSE
26 1553394 _a_at 0.7044 UpP TRUE
27 237395_at 0.7001 UpP FALSE
28 232481 s_at 0.7613 uUpP FALSE
29 205471_s_at 0.7132 UpP TRUE
30 215108_x_at 0.7184 UpP TRUE
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Figure 3 Significant genes of colon cancer cells that differentially expressed in disease and control tissues
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Figure 5 Significant genes of ovarian cancer cells that differentially expressed in disease and control tissues

Figure 4 Gene-gene interaction network predicted using
geNET Classifier on colon cancer
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Figure 6 Gene-gene interaction network predicted using
geNET Classifier on ovarian cancer
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Figure 7 Top 52 gene signature interaction network on ovarian
cancer types
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