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ABSTRACT
Worldwide breast carcinoma is recognized, one of the common malignancy afflicting female with a
significant health problem. Breast cancer is believed to be a blended result of environmental and genetic
factors. Here we performed the meta-analysis of microarray data to elucidate complex connections between
genes and pathways in breast cancer metastasis. In the present study all datasets were normalized by robust
multichip analysis (RMA) and statistical analysis were performed using R language. These datasets were
retrieved from Gene Expression Omnibus (GEO) data repository (http://www.ncbi.nlm.nih.gov/geo/). In this
meta-analysis study our results indicate the three core pathways, which are strongly affected during breast
cancer metastasis: ‘ECM-receptor interaction’, ‘Focal adhesion pathway’ and ‘pathways in cancer’. On further
analysis of results, we found the fibronectin (Fn1) as a common gene present in all pathways, which indicate
that the fibronectin is a major player in breast cancer metastasis. In conclusion this study not only illustrate
the how standardize bioinformatics approaches can be used to study the microarray data in public repository
but also offer analysis of vital pathways and genes, involved in breast cancer.
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INTRODUCTION
Worldwide breast carcinoma is recognized, one of the common malignancy afflicting female with a
significant health problem. It account for more than 30 percent cancer cases in women therefore making it the
most common form of cancer(1). Breast cancer could have diverse spectrum of complex features which
comprises a collection of heterogeneous disease with distinctive clinical, histo-pathological, and molecular
features. Thus, it leads to encompass different entities with distinct subtypes, biological features and clinical
outcomes(2–5)
The extensively used predictive clinico-pathological criteria are age, tumor size, lympho-vascular
invasion, histologic grade, expression of steroid and growth factor receptors, estrogen-inducible genes like
cathepsin D, protoonco genes like ERBB2, and mutations in the TP53 gene are still the basis of treatment
decision(2–7). Unfortunately, subsequent clinical manifestations of patients cannot be predicted accurately by
the breast cancer recurrence prognostic factors available in clinical practice(8).
During the progression of cancer many genes or their combination can be potentially involved. The
differences in expression of individual gene and genes combinations can be seen among cancer progression
stages. Individuals having some specific sequence alleles produced by multiple genetic alterations are
comparatively more sensitive to cancer development. Presence and expression level of these alleles of these
genes can be used as prognostic factors by calculating the chance of potential encounter by cancer for an
individual. Cancer can be detected in very early stage, if the genetic expression features of these stages are
known. Gene expression profiles can also be used to infer frequent progression pathways to estimate stage
distances between tumors(1). In advance cases the cancer cells start to spread distant sites such as bones,
lungs, lymph nodes, liver and brain. The migration of cancer cells governs by a number of gene set and their
expression pattern define the cell migratory property.
Thus, gene expression profiling of cancer can offer potential lead to development of new more
sensitive prognostics, diagnostics marker. DNA microarray has been the method of choice for gene expression
profiling and monitoring the complex expression patterns of uniquely identifiable markers and multi-genes
‘signatures’ which involved in breast carcinoma development. The correlation of expression patterns to
specific features of phenotypic variation might provide the basis for an improved genetic and molecular
taxonomy of cancer(9,10).
Meta-analysis can be used for summarizing and synthesizing studies to estimate the overall effect of
global gene expression profile in breast cancer(11,12). Cellular pathways and key genes involved in breast
carcinoma development and progression can be determined by a broad class of models and bioinformatics
tools during Meta-analysis including Quality control (QC) and analysis of general data up to the biological
pathway level.
In the present study, we have analyzed the microarray data available in public repository with the
help of ‘Bio-Conductor’ package of open source language R (13). In addition, genetic profiling of carcinoma was
summarized in a wide range of pathways arise from different datasets.
MATERIAL AND METHODS
Microarray dataset selection
Gene expression profiling data were obtained from National Center for Biotechnology Information
Gene Expression Omnibus (GEO) data repository (http://www.ncbi.nlm.nih.gov/geo/). Standardized QC and
preprocessing were done by open source R packages of Bioconductor 2.8, while subsequent pathway analysis
were done by using online analysis tools GOEAST and WEB-based GEneSeTAnaLysis Toolkit
(WebGestalt)(Planche et al. 2011). Datasets were included raw data CEL files as well as processed files for
investigating expression profiling by array of human breast carcinoma tissue samples performed on the
Affymetrix Gene Chip platform. Three different datasets shown in Table 1 were selected and downloaded.
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Table 1. Selected datasets and their characteristics
Dataset

GO ID [ACCN]

Planche et al. (2011)

GDS4114

Turashvili et al. (2011)

GSE5764

Kretschmer et al.,
(2011).

GSE21422

Number of
samples

Array type
Affymetrix Human Genome U133 Plus 2.0
Array
Affymetrix Human Genome U133 Plus 2.0
Array
Affymetrix Human Genome U133 Plus 2.0
Array

24
30
19

Gene expression profiles dataset by Planche et. al. (2011) (14) (GEO ID: GDS4114) consists of 24 tissue
samples obtained from patients with clinically localized breast cancer and prostate cancer separately. In
original study, out of 24 samples, 6 samples of stroma surrounding invasive breast primary tumors; 6 matched
samples of normal stroma, 6 samples of stroma surrounding invasive prostate primary tumors; 6 matched
samples of normal stroma are taken. As the focus of our current study was only breast cancer, 12 samples (6
from normal tissue and 6 from invasive breast primary tumors) were selected for further study.
The second dataset by Turashvili et. al., (2011) (15) (GEO ID: GSE5764) is composed of 66 Affymetrix
Human Genome U133 2.0 arrays performed upon breast tissue. In this study 28 samples were collected at
surgery from patients undergoing surgical resection for invasive breast cancer and 5 samples from reduction
mammoplasty for normal tissue. All sample tissues were separated in normal and cancer tissues of stroma and
epithelium which were subjected to microarray experimentation after total RNA extraction of total 66 samples
separately. The aim of study was to compare cell type and disease state analysis of breast carcinoma. We have
selected 5 normal stroma and 28 cancer stroma samples dataset for meta-analysis in current study.
The third dataset is a subset of 19 Affymetrix Human Genome U133A Plus 2.0 GeneChip originated
from a gene expression experiment by Kretschmer et. al.. (2011) (16) GEO ID:GSE21422). The aim of original
study was to identifythose marker genes, which show increased expression in ductal carcinoma in-situ and
invasive ductal carcinomas, Out of 19 subset we have selected five sample of healthy breast and 5 samples of
invasive ductal carcinoma for further analysis in current study.
DEGs analysis
The open source language R (version 2.13.0) and R packages of Bioconductor 2.8(17) was used for
microarray data analysis. Downloaded raw CEL files of expression profiling data were read and normalized by
robust multichip analysis (RMA). All genes corresponding to their probe sets were filtered by gene filter
package of Bio-conductor with an intensity filter (the intensity of a gene should be above log 2(100) in at least
25 percent of the samples), and a variance filter (The inter-quartile range of log2 intensities should be at least
0.5).
In experiment design, all arrays were divided into two groups: normal and breast cancer carcinoma
group based on condition (normal tissue versus advanced stage cancer tissue). Two different conditions were
allotted to study namely control and carcinoma group. Significant deferentially expressed genes (DEGs) (18,19)
between experimental groups were calculated by conducted the linear modeling with Limma package of Biocunductor.
P-Value was adjusted by with Benjamin and Hochberg (BH) method of false discovery rate (FDR) for
multiple hypothesis testing. Genes with adjusted p-value ≤ 0.05 were selected as DEGs. The annotations of
each probe set were obtained from extracted from corresponding hgu133plus2.db package.
Function annotation and gene set enrichment analysis
For the functional studies of microarray data, Gene Otology (GO) analysis is considered as a common
and easy approach. GOEAST (Gene Ontology Enrichment Analysis Software Tollkit) was used to identify
statistically overrepresented GO terms within given gene sets. Pathway Annotation and cluster analysis of
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DEGs was carried on for all three studies by Geneset Analysis Toolkit V2 platform based on hyper geometric
distribution with use of Kyoto Encyclopedia of Gens And Genomes (KEGG) pathway (20).
RESULTS
Data normalization
The quality of all three datasets was considerable for further analysis as modest differences between
the arrays can be seen in all studies, when the boxplots of raw intensities and density histograms of log
intensities before normalization have been plotted. The box plots and the density histogram of log intensities
before normalization in Figure 1A and 1B are from Second Dataset by (15)(Turashviliet.al.2011). All
discrepancies between arrays were sufficiently removed by normalization. Box plots and the density histogram
of log intensities after normalization are illustrated in Figure 1D and 1E.
The MA-plots before normalization of an example array selected from dataset of (15) (Turashvili et al.,
2011) were shown in Figure 1C. Assuming that the majority of genes are unchanged, the MA-plots spread
symmetrically around the x-axis (y = 0). Plots after normalization (Figure 1F) with little diversion from average
log intensity of the arrays assign to X-axis showed the difference in logged intensity of one array to the
reference median array. Furthermore, corrections for intensity-dependent biases by Robust Multi-array
Average (RMA) normalization was done, which can be seen in MA-plots created for same example array as plot
became centered and spread symmetrically around the x-axis with negligible deviations (y ≈ 0) (Figure 1F).

Figure 1: Quality control of dataset by Turashvili et al., 2011 ; (A) box plot before normalization (B) log intensity plot
before normalization (C) MA plot of a sample array (GEO ID GSM272700)
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Figure 2: Principal Components Plots of A) dataset by (Planche et al., 2011); B) dataset by (Turashviliet al., 2011); C)
dataset by (Kretschmer et al., 2011); clear evident groups can be seen in PCA among arrays in different conditions
(normal versus cancer tissue).

Principal components analysis for all three studies is represented in Figure 2 which shows the clear
evident grouping among the arrays according to the condition or state of disease. The two conditions (normal
versus cancer tissue) were allocated to arrays.
Differentially expressed genes
Linear Models for Microarray (Limma) was used to identify genes differentially expressed between
normal and cancer cells, with BH test corrections. At a FDR value of 0.05, a total of 2100 genes identified to be
differentially expressed among 14000 probes from dataset of first study (14). We have screened 878 up
regulated genes and 1222 down regulated genes, according to the statistical analysis of microarray data. The
top 20 significant up and down-regulated DEGs are shown respectively in Figure 3A and 3B.

Figure 3: (A) top 20 up-regulated genes and; (B) top 20 down-regulated genes extracted from dataset by (Planche et al.,
2011). Gene symbols are shown on X axis and log Fold Change is on y axis.

Figure 4: (A) top 20 up-regulated genes and (B) (A) top 20 down-regulated genes extracted from dataset by (Turashvili et
al., 2011) gene symbol are shown on X axis and log Fold Change is on y axis.
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969 differentially expressed genes including 337 up-regulated and 632 down-regulated genes were
extracted with similar parameters for the statistical analysis of the dataset of second study, conducted by
(15)
(Turashvili et al., 2011) included 54675 probes. Figure 4A shows top 20 significant up-regulated genes. Top
20 significant down-regulated genes are shown in Figure 4B.
The statistical analysis of microarray data between normal tissue sample and metastatic breast cancer
sample in study by (16) (Kretschmeret al., 2011) revealed a total of 4610 genes differentially expressed among
54675 probes when threshold parameters were taken as similar to previous two studies. In which, 2031 genes
were up-regulated while 2579 genes were down regulated. 20 top up and down-regulated genes are shown in
Figure 5A and 5B respectively.

Figure 5: (A) top 20 up-regulated genes and(B) top 20 down-regulated genes extracted from dataset by (Kretschmeret
al., 2011) gene symbol are shown on X axis and log Fold Change is on y axis.

Ontology and pathway analysis
Significant pathways corresponding to differentially expressed genes were identified by KEGG
pathway enrichment analysis performed with Gene Set Analysis Toolkit V2 platform based on hyper geometric
distribution.
The number of DEGs involved in different categories in ontology is represented in Figure 6. Total of
1350 enriched genes in the biological processes of first study, 786 enriched genes in biological regulation, 724
in metabolic process, 677 in response to stimulus and 587 in multi-cellular organism processes were mainly
identified. The protein and ion bindings are most affected molecular functions in breast cancer corresponding
652 and 453 enriched genes respectively. Figure 7 shows the pathway diagram of enriched Gene Ontology
(GO) in molecular function of the differentially expressed genes. In the terms of cellular component, 654 DEGs
ware mapped as membrane proteins and 373 in nucleus. Statistical analysis of this study revealed that mainly
10 pathways were identified. Among these pathways, ECM-receptor interaction was identified most significant
(FDR=4.32e-08) including 25 genes. Second significant pathway (FDR=2.07e-05) was Focal adhesion with 35
enriched genes. List of top 10 enriched pathways are shown in Table 2.
Table 2. Top 10 Significant pathways corresponding to dataset by Planche et al.,( 2011)

Pathway Name
ECM-receptor interaction
Focal adhesion
Malaria
Pathways in cancer
Cytokine-cytokine receptor interaction
Complement and coagulation cascades
Cell adhesion molecules (CAMs)
Rheumatoid arthritis
Amoebiasis
Leukocyte transendothelial migration
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No. of
Genes
25
35
15
47
37
16
24
17
19
20

RJPBCS

Raw P
Values
2.47e-10
2.37e-07
6.39e-07
1.31e-06
1.01e-05
1.01e-05
7.96e-06
6.32e-05
0.0001
8.08e-05

8(3)

Adj P (FDR) Values
4.32e-08
2.07e-05
3.73e-05
5.73e-05
0.0003
0.0003
0.0003
0.0014
0.0016
0.0016
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Figure 6: Gene Ontology Analysis of dataset by (Planche et al., 2011) (A) Biological Process; (B) Molecular Function; (C)
Cellular Component
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Figure 7: gene Ontology Analysis of dataset by Casey et al.; (A) Biological Process; (B) Molecular Function; (C) Cellular
Component

In meta-analysis of dataset(15), total of 687 DEGs were enriched in ontology. Biological processes like
biological regulation, metabolic process and response to stimulus contained the maximum number of enriched
genes which were 374, 364 and 311 respectively (Figure 7). The enriched Gene Ontology (GO) of biological
processes for the differentially expressed genes is shown in Figure 7A. The enriched Gene Ontology of the
differentially expressed genes of molecular functions pathway is represented in figure 7B, which indicate 169
protein and ion binding enriched 103 genes. The enriched Gene Ontology of the differentially expressed genes
in Cellular component is represented as pathway in figure 7C, in which the cellular component, 255 DEGs were
mapped as membrane proteins and 231 in nucleus. The most significant identified pathway was ECM-receptor
interaction with FDR 4.55e-07 containing 17 enriched genes. Focal adhesion was second significant pathway
with approximately same FDR value then ECM-receptor interaction with 26 enriched genes. Protein digestion
and absorption was third significantly enriched pathway (FDR = 0.0007) in meta-analysis of the dataset by
Turashvili et al., (2011) (15) top 10 significantly enriched pathways identified were listed in Table 3.
Table 3. Top 10 Significant pathways corresponding to dataset by Turashvili et al. (2011)

ECM-receptor interaction

No. of
Genes
17

Pathway Name

4.39e-09

Adj. P (FDR)
Values
4.55e-07

Raw P Values

Focal adhesion

26

6.69e-09

4.55e-07

Protein digestion and absorption

12

1.45e-05

0.0007

p53 signaling pathway

11

2.29e-05

0.0008

Amoebiasis

13

8.73e-05

0.0024

Axon guidance

14

0.0002

0.0045

Pathways in cancer

22

0.0027

0.0525

Arrhythmogenic right ventricular cardiomyopathy

8

0.0040

0.0618

Glycine, serine and threonine metabolism

5

0.0048

0.0618

Drug metabolism - cytochrome P450

7

0.0045

0.0618
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Figure 8: Gene Ontology Analysis of dataset by Kretschmer et al. 2011; (A) Biological Process; (B) Molecular Function; (C)
Cellular Component

Figure 8 shows the Bar plots for number of DEGs involved in gene ontology for the dataset by 23. In
this study most of genes were enriched in biological regulation i.e. 1556 out of 2940 enriched genes, followed
by 1536 in metabolic processes and 1320 in response to stimulus. The enriched Gene Ontology terms of
biological progress of the differentially expressed genes (DEGs) are represented as pathway in figure 8A. In the
molecular function pathway, 1412 protein and 952 ion binding genes were enriched. The enriched Gene
Ontology molecular function pathway diagram is presented in figure 8B. 1315 genes were identified in
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membrane while 930 genes are enriched for nucleus composition in the cellular component pathway (Figure
8C).
The comparison between normal tissue and breast cancer revealed 10 main biological pathways to be
significantly changed. Focal adhesion was identified as most significant (FDR=1.07e-07) including 64 of genes.
ECM-receptor interaction altered second most significantly with FDR = 3.37e-07 having 35 gene enriched while
Systemic lupus erythematous was third significant pathway in meta-analysis of this study. Table 4 shows the
pathways identified altered significantly.
Table 4. Top 10 Significant pathways corresponding to dataset by Kretschmer et al.,(2011).
Pathway Name

No. of Genes

Focal adhesion
ECM-receptor interaction
Systemic lupus erythematosus
Pathways in cancer
Cell adhesion molecules (CAMs)
PPAR signaling pathway
Tight junction
Axon guidance
Complement and coagulation cascades
Cell cycle

64
35
31
82
40
25
38
37
23
35

Raw P
Values
5.20e-10
3.27e-09
6.63e-07
8.96e-07
3.23e-06
6.22e-06
2.53e-05
4.20e-05
6.72e-05
7.92e-05

Adj. P (FDR)
Values
1.07e-07
3.37e-07
4.55e-05
4.61e-05
0.0001
0.0002
0.0007
0.0011
0.0015
0.0016

Common pathways among different studies
On the pathways enrichment of DEGs we find 10 main pathways for each study, involved in the
progression of breast cancer. In all three studies which were undertaken in current meta-analysis, we find
three common pathways namely the ‘ECM-receptor interaction’, ‘Focal adhesion pathway’ and ‘pathways in
cancer’. After that ‘Amoebiasis’ and ‘Axon’ guidance were common between first - second and second – third
dataset. While, the two pathways were common between first and third dataset, namely ‘cell adhesion
molecules’ and ‘complement and coagulation cascades’. Venn diagram of common pathways among metaanalysis result and pathways of all three studies is shown in Figure 9.

Figure 9: Venn representation of meta-analysis resultant common pathways of all three studies taken.
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Most common genes among different pathways
On deep analysis of three dataset, we were able to find some most common genes associated with
breast cancer metastasis. We find four genes common in ECM-Receptor Interaction pathway (Table 5), 7 genes
in Focal Adhesion pathway (Table 6) and 8 genes were common in pathways in cancer (Table 7).
Table 5. Common genes present in ECM-Receptor Interaction pathway from all three studies
S.N.

Probe ID

Gene Symbol

Gene Name

Entrez
Gene

Ensembl

1

202310_s_at

COL1A1

Collagen, type I, alpha 1

1277

ENSG00000108821

2

37892_at

COL11A1

Collagen, type XI, alpha 1

1301

ENSG00000060718

3

205713_s_at

COMP

Cartilage oligomeric matrix protein

1311

ENSG00000105664

4

211719_x_at

FN1

Fibronectin 1

2335

ENSG00000115414

Table 6. Common genes present in Focal Adhesion pathway from all three studies
S.N.

Probe ID

Gene
Symbol

Gene Name

Entrez
Gene

Ensembl

1

212097_at

CAV1

Caveolin 1, caveolae protein,
22kDa

857

ENSG00000105974

2

202310_s_at

COL1A1

Collagen,typeI,alpha 1

1277

ENSG00000108821

3

37892_at

COL11A1

Collagen,typeXI,alpha 1

1301

ENSG00000060718

4

205713_s_at

COMP

Cartilage oligomeric matrix
protein

1311

ENSG00000105664

5

211719_x_at

FN1

Fibronectin 1

2335

ENSG00000115414

6

209542_x_at

IGF1

3479

ENSG00000017427

7

203510_at

MET

4233

ENSG00000105976

Insulin-like growth factor 1
(somatomedin C)
Met proto-oncogene (hepatocyte
growth factor receptor)

Table 7. Common genes present in pathways in cancer from all three studies.
S.N.

Probe ID

Gene
Symbol

Gene Name

Entrez
Gene

Ensembl

1

205289_at

BMP2

Bone morphogenetic protein 2

650

ENSG00000125845

2

211719_x_at

FN1

Fibronectin 1

2335

ENSG00000115414

3

209189_at

FOS

2353

ENSG00000170345

4

209542_x_at

IGF1

3479

ENSG00000017427

5

203510_at

MET

4233

ENSG00000105976

6

203936_s_at

MMP9

4318

ENSG00000100985

7

236094_at

TCF7L2

6934

ENSG00000148737

8

205883_at

ZBTB16

7704

ENSG00000109906

May – June

FBJ murine osteosarcoma viral
oncogene homolog
Insulin-like growth factor 1
(somatomedin C)
Met proto-oncogene (hepatocyte
growth factor receptor)
Matrix metallopeptidase 9 (gelatinase
B, 92kDa gelatinase, 92kDa type IV
collagenase)
Transcription factor 7-like 2 (T-cell
specific, HMG-box)
Zinc finger and BTB domain containing
16

2017

RJPBCS

8(3)

Page No. 1319

ISSN: 0975-8585
Common genes/gene among all studies
After the selection of genes present in common pathways from all of three studies, three lists of
common genes were obtained. In further search, genes were search common from the lists of genes present in
common pathways from all of three studies. In the result of this search, only one gene “fibronectin 1” was
found common in different pathways from all of three studies.
DISCUSSION
In the present study, we have taken three studies simultaneously for the pathways enrichment
analysis of micro-array data available in public repository, further we analyzed the 2030 DEGs of breast cancer.
On the pathways enrichment of DEG we find 10 main pathways involves in the progression of breast cancer. In
all the studies which taken in this study we find three common pathways namely the ECM-receptor
interaction, Focal adhesion pathway and pathways in cancer. The ECM-receptor interaction pathway basically
involved in complex mixture of structural and functional macromolecules and serves an important role in
tissue and organ morphogenesis and in the maintenance of cell and tissue structure and function. The
involvement of ECM-receptor interaction in breast cancer was also reported in number of studies (21,22) .
Gene expression data often lack statistical power due to several constraints, especially low sample
number, as was the case in all three studies. This generally leads to underestimation of variances, which
inflates the false-positive rate. The quality of the meta-analysis benefits from the number of single data sets
analyzed.
Another important pathway predicted in this meta-analysis micro-array data is focal adhesion
pathway, which is known to plays important role in cell motility, cell proliferation, cell differentiation,
regulation of gene expression and cell survival. Basically, it mediated the adhesion links between integrin,
proteoglycan and actin cytoskeleton. The involvement of focal adhesion molecules is well known in tumor
metastasis and a number of workers reported its involvement in various cancer namely in pancreatic ductal
adenocarcinoma (23), ovarian cancer cells(24), gastric cardia adenocarcinoma(25).
Pathways in cancer is also appears to be the third most important pathway in this analysis. There are
several reports available in data base which indicates the alteration of these pathways leads to development
of breast cancer(21).
On further analysis of our meta-analysis results we find 4 genes common in ECM receptor pathway, 7
genes in focal adhesion pathway and 8 gene common in pathways in cancer. Our data in indicates that these
genes may play very crucial role in breast cancer metastasis. The Collagen, type I, alpha 1 and Collagen type XI,
alpha1 are known to play a role in cancer invasiveness. Recently reported(26) COL11A1 as a potential biomarker
of invasiveness in breast tumor lesions. There finding was based on two hundred and one breast Core Needle
Biopsy samples, analyzed by immunohistochemistry against pro-COL11A1. The two other proteins in this
pathways analysis are Cartilage oligomeric matrix protein and fibronectin were reported as major players in
tumor invasiveness(27–29).The scaffolding protein of plasma membrane and structural protein of lysosomes and
autosomes, caveolae, plays major roles in cellular processes like autophagyin lysosomes,endocytosis,
mechanotransduction, signaling, lipid homeostasis and autolysosomes for degradation of intracellular proteins
and organelles appears to be major player in breast cancer metastasis and the role of cav1 in breast cancer
metastasis and invasions is highlight by many workers(30–32). The abnormal activation of Insulin-like growth
factor 1 (somatomedin C) and Met proto-oncogene (hepatocyte growth factor receptor) in breast cancer is
associated with poor prognosis, and aberrantly active MET triggers tumor growth, formation of new blood
vessels (angiogenesis). These new blood vessels in tumor are required for nutrient supply. A number of studies
proposed the tumor aggressiveness is related to abnormal expression of these genes (33–36). The Matrix
metallopeptidase 9 (MMP-9), also known as 92 kDa type IV collagenase, 92 kDagelatinase or gelatinase B
(GELB), is a family of the zinc-metalloproteinases family, encoded as signal peptide and is involved in normal
physiological processes, such as embryonic development, reproduction, angiogenesis, bone development,
wound healing, cell migration anddegradation of the extracellular matrix. The altered expression of this
protein in development of cancer is well documented(37,38). The two other genes, which are basically
transcription factors namely TCF7L2 (Transcription factor 7-like 2 (T-cell specific, HMG-box and Zinc finger and
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BTB domain-containing protein 16 (ZBTB16)regulates variety of cellular processes. The TCF7L2 gene is known
to stimulate Wnt signaling pathway. There are number of studies, which relate the altered TCF7L2 expression
with the development of cancer(39,40). Transcription factor (ZBTB16) plays an important role in histone
deacetylation. Specific instances of aberrant gene rearrangement at this locus have been associated with acute
promyelocytic leukemia (APL). Some of very recent reports suggest that it might be an important factor in
development of breast cancer(28,41).
Further analysis of data reveals that fibronectin (F1) is the genes which have a role in almost all
pathways under consideration in this study. It suggests that fibronectin (Fn1) have crucial role in breast cancer
metastasis(28,41).
The study helps in understanding the major pathways associated with breast cancer, reveals a
common network of genes and helps in finding out central gene (Fn1) associated with breast cancer
metastasis. The pathway network and associated gene combination may be used as early biomarker for breast
cancer metastasis and furthermore it may help in management of breast cancer.
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