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Background: Chromosomal instability is a hallmark of cancer. Chromosomal imbalances, like amplifications and deletions,
influence the transcriptional activity of genes. These imbalances affect not only the expression of genes in the
aberrant chromosomal regions, but also that of related genes, and may be relevant to the cancer status.

Material/Methods: Here, we used the 7 publicly available microarray studies in breast cancer tissues and propose a general and
unsupervised method by using the gene expression data and related gene information to systematically iden-
tify aberrant chromosomal regions. This method aimed to identify the chromosomal regions where the genes
and their related genes both show consistent changes in the expression levels. Such patterns have been re-
ported to be associated with the chromosomal aberrations and may be used in cancer diagnosis.

Results: We compared 488 tumor and 222 normal samples from 7 microarray-based human breast cancer studies and
detected the amplifications of 8q11.21, 14g32.11, 4921.23, 18q11.2, Xq28, and the deletions of 3p24.1, 10q23.2
(BSCG1), 20p11.21, 9921.13, and 1g41, which may be involved in the novel mechanisms of tumorigenesis. In
addition, several known pathogenic genes, transcription factors (TFs), and microRNAs (miRNAs) associated with
breast cancer were found.

Conclusions: This approach can be applied to other microarray studies, which provide a new and useful method for explor-
ing chromosome structural variations in different types of diseases.
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Background

DNA microarray technology provides a powerful tool for char-
acterizing genes expression on a genome-wide scale. It has
been widely used for the analysis of genomic changes detec-
tion and clinical diagnosis [1]. Many efforts have been made
to analyze and interpret the public accessibility of data, such
as the identification of differentially expressed genes and the
development of data mining methods [2-4]. However, it is dif-
ficult to identify the real pathogenesis of cancer just from the
perspective of alterations in the expression levels of individ-
ual genes. Using integrated analysis of the differentially ex-
pressed genes, we need to identify the real pathogenesis of
cancer from a functional pathway perspective. Chromosome
aberrations are associated with various cancers and it is very
important to identify aberrant chromosomal regions from the
whole-genome perspective in cancer. Now, chromosomal lo-
calization has been integrated in several methods that aim to
detect differential gene expression of adjacent genes. PGE [5],
MACAT [6], and ChroColoc [7], have been instrumental for in-
tegrating chromosomal location information into the gene ex-
pression data analysis to detect differential gene expression
of adjacent genes. These methods mapped the differential-
ly expressed or expressed genes in the array to the chromo-
some and explored the consistent expression levels of those
genes by using different data mining methods. These meth-
ods may ignore genes that are expressed at low levels or un-
expressed genes in the chromosome, which may be caused
many of false-positive results. These methods identified the
adjacent genes on the chromosome with consistent expres-
sion levels. We know that if the cancer is related with some
aberrant chromosomal regions, the changes of gene expres-
sion levels may be performed by genes in the aberrant chro-
mosomal regions and their related genes. So it is appropriate
to simultaneously explore the changes of gene expression lev-
els of gene in the aberrant chromosomal regions and their re-
lated genes. Therefore, with just genomic array data of genes
within the aberrant regions, it is difficult to identify all genes
whose expression may be associated with the disease.

To identify aberrant chromosomal regions, we present a gener-
al method that integrates genome-wide gene expression data
and contextual information about genes in a chromosomal re-
gion and their related genes. Firstly, this method considers the
information of detected genes in the array and also consid-
ered the information of undetected genes in the array for the
chromosomal regions. Secondly, this method not only uses
the information of gene expression profiles, but also incorpo-
rates other relevant information, such as gene ontology (GO),
KEGG, and protein-protein interaction (PIP), to mine aberrant
chromosome regions. Additionally, the method also takes ac-
count of miRNAs and TFs regulatory effects on gene expres-
sion changes in the regions. We used this method to analyze
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the 7 independent human breast cancer microarrays and iden-
tified several frequent aberrant regions, including those with
putative tumorigenic effects. This approach can be applied to
any microarray study. It provides a general approach for ex-
ploring genome-wide expression in many disease types and
could identify groups of patients with distinct regional pat-
terns of gene and interrelated-gene expression. It also allows
the identification of associations between the clinical breast
cancer parameters and helps improve patient satisfaction in
relation to disease diagnosis and therapy.

Material and Methods

Material

Chromosomal locations of genes were obtained from NCBI
and GeneCards databases [8,9]. We downloaded 42 564 hu-
man gene symbols from the NCBI database (Build 35.1) and
34 463 gene locations were extracted from the GeneCards
database online by use of a Java program. The chromosomal
locations of 1240 miRNAs and 939 pre-miRNAs were down-
loaded from the PicTar database. The GeneOntolgy data were
downloaded from http://www.geneontology.org/GO.downloads.
database.shtml#dl, and contained 9633 distinct Biological
Processes, 1570 distinct Cellular Components and 7063 dis-
tinct Molecular Functions [10]. High-throughput protein-pro-
tein interaction data were downloaded from the BIND, DIP,
IntAct, MINT, and HPRD databases [11-15].

Protein-protein interaction data from these databases were
integrated to reduce the number of false positives due to the
use of different prediction algorithms for different databas-
es. Consequently, only interaction relationships identified in
at least 2 databases were used. We obtained 73 976 protein-
protein interaction relationships for 11 435 genes obtained af-
ter integration. Pathway information for 5379 genes was ob-
tained from the KEGG database (ftp://ftp.genome.jp/pub/kegg/
pathway_gif /organisms/hsa/) [16]. All human miRNAs and tar-
get genes data were downloaded from the miRBase, mirGen,
miRDB, and miRANDA databases [10,17,18]. To reduce false
positives, only targets that appeared in at least 2 databas-
es were analyzed. After integration, 9393 regulatory relation-
ships were obtained from 296 miRNAs and 3772 target genes.

Data sets

The 7 publicly available microarray studies in breast cancer tis-
sues were compiled and prepared for analysis. These micro-
array studies were performed using different platforms and
different populations, as shown in Table 1. To determine the
chromosomal locations of the corresponding probes on the mi-
croarrays, we mapped the probes to the gene symbol identifier
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Table 1. Seven gene expression profiles for breast cancer tissues.

MOLECULAR BIOLOGY

Study Number of Number of gene Platform Main focus
(reference) samples symbols used

1 Hawthorn et al., 2010 20 19,803 U133_Plus_2 IDC (expression analysis)

2 Chen et al., 2008 185 19,803 U133_Plus_2 Malignancy-risk gene signature

3 Pedraza et al., 2008 58 19,803 U133_Plus_2 Gene expression signatures

4 Yuetal, 2008 341 12,632 U133A Modulation metastasis and
survival

5 Alimonti et al., 2010 47 19,803 U133_Plus_2 Breast tumor expression

6  Yaoetal, 2011 142 16,546 CDNA Recovery of biological
information

7 Richardson et al., 2007 62 19,803 U133_Plus_2 Expression data

via the GeneCards database. To avoid ambiguities, when mul-
tiple probes matched the same gene symbol, only the average
expression value was used.

Definition of the indexes

The genes distance index (GDI) is defined as the distance mea-
sure and it means the genetic distance which any 2 differen-
tially expressed genes should be smaller than. Its value is a
positive integer which can be set freely. The genes’ expres-
sion coverage rate (GECR) is defined as coverage rate mea-
sure, which is equal to the ratio of the number of expressed
genes of the microarray to the total number of genes in the
candidate chromosomal regions. The candidate chromosom-
al regions whose measured value of GECR is greater than the
set value are retained. The value can be set freely and the
range of GECR is from 0 to 1.The rank index (RI) is defined as
the measure of global gene expression level; it is a ratio val-
ue which can be set freely. The set value means the ranking
percentage of genes expression in microarray.

Algorithm flow

We developed an intuitive method to detect aberrant chro-
mosomal regions based on gene expression and their relat-
ed gene’s information. Firstly, this method orientated those
chromosomal regions where genes displayed significant and
consistent changes in expression levels. Secondly, it exam-
ined whether the expression levels of genes in those chromo-
somal regions and their related genes are significantly related
to all differently expressed genes detected in microarray. The
purpose of this method was to identify those chromosomal
regions where the changes in gene expression levels caused
by chromosomal aberrations were consistent with the chang-
es measured by microarrays. As shown in Figure 1, a detailed

flow was as follows: (1) differentially expressed genes were
extracted from microarray data; (2) candidate aberrant chro-
mosomal regions were identified based on the chromosomal
location of differentially expressed genes. If the interval be-
tween any two differentially expressed genes was smaller than
the value of GDI in a chromosomal region, it was identified as
a candidate aberrant chromosomal region; and (3) the candi-
date chromosomal region was retained if the genes met the
following conditions: the value of the number of expressed
genes of the microarray in the candidate chromosomal regions
divided by the total number of genes in the candidate chro-
mosomal region was greater than GECR. The rank of the ex-
pression level of differentially expressed and expressed genes
was smaller than Rl in the expression array. Next, the genes
in the retained candidate chromosomal region and their rel-
ative genes in the same GO term, same KEGG pathway, regu-
lated by the same transcription factor and by the same miR-
NA with the same protein interactions, were put into a new
gene set called an expanded gene set.

Hypergeometric tests were used to determine whether the ex-
panded genes set were significantly related to the differential-
ly expressed genes set. The expanded gene set was consid-
ered to be significantly related to the differentially expressed
gene set, and the corresponding chromosomal region was con-
sidered as a potentially cancer-related chromosomal region, if
the p value was <0.01.

Relationships between differentially expressed gene sets
and expanded gene sets

Hypergeometric tests were used to determine if the expand-
ed genes set were significantly related to the differentially ex-
pressed genes set, which were detected in microarray. The p
value for the test was defined as follows:
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Figure 1. Algorithm flow of methods used to identify aberrant chromosomal regions. See Material and Methods for details.
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Where N was the number of genes in the microarray; K was
the number of genes in the expanded gene set, M was the
number of all differentially expressed genes set, which were

This work is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivs 3.0 Unported License

detected in microarray; and X was the number of differential-
ly expressed genes in the expanded gene set. If p<0.01, the
expanded genes set would be considered to be significantly
related to the differentially expressed genes set, which were
detected in microarray and the corresponding chromosomal
region was considered to be a potentially cancer-related chro-
mosomal region.
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Figure 2. A karyotype to show the identified
aberrant chromosome regions. Red
rectangles in regions represent the
amplified regions of chromosomes
detected in a total of 6 data sets.
Green rectangles in regions represent
deleted regions of chromosomes
detected in a total of 6 data sets.
Dark blue rectangles in regions
represent deleted regions of
chromosomes detected in a total of
5 data sets. Crimson rectangles in
regions represent deleted regions of

3 chromosomes detected in a total of 4

data sets.

Definition of the intersection ratio index (IRI)

The intersection ratio index (IRI) was defined to assess the sim-
ilarity degree between the identified chromosomal regions for
any 2 result sets. One of the result sets represents that when
we set the fixed values for the values of GDI, GECR, R, the can-
cer-related chromosomal regions set we get by our method
for the same microarray. The value of IRl was between 0 and 1
and was equal to the ratio of the number of intersections be-
tween 2 results sets to the number of chromosome regions of
the result whose number of chromosome regions was smaller.
The higher IRI value is, the more similar the 2 result sets are.

Meta-analysis

We analyzed the microarray data from different platforms with
different values which combined GDI, GECR, and RI. All chro-
mosomal regions identified in each study were then merged to
produce a list of non-overlapping continuous chromosomal re-
gions, referred to as meta-regions, which begin from the start
base position to the end base position of overlapping chro-
mosomal segments. Finally, the number of times each meta-
region was found in each study with different values combi-
nation of GDI, GECR, and Rl was calculated.

The more times a meta-region was found, the more likely it was
to be a breast cancer-related abnormal chromosomal region.

Results

Chromosomal regions with distinct gene and related-gene
expression patterns

We systematically compared the genes and their related genes’
expression levels in the chromosomal regions and identified
the aberrant chromosomal regions from 7 independent breast
cancer studies comprising 710 samples for their relative expres-
sion patterns (Table 1). Here, differentially expressed genes of
any 2 data set from the 7 independent breast cancer studies
were identified by the significance analysis of microarray (SAM)
method with false discovery rate (FDR) <0.05(Chumbley and
Friston 2009). Here, the values of GDI, GECR, and RI were set
at 2, 0.8, and 0.3, respectively, and we then identified chromo-
somal regions for the 7 breast cancer studies separately. The
meta-analysis enabled us to prioritize the predominant chro-
mosomal regions found across a collection of 710 samples. We
chose those meta-regions in which the number of times the
meta-region was found in the 7 studies was greater than or
equal to 4 (Figure 2). The results showed that the identified
chromosomal regions included well known aberrant regions
in breast cancer, such as 8q11.21, 20p11.21, 3p24.1, 10q23.2,
1p32.3,9921.13, and 17g24.2-q24.3. In addition, known patho-
genic genes, TFs, and miRNAs associated with breast cancer
were found, including MCM4 and CEBPD in 8q11.21 [19-21],
THBD and CD93 in 20p11.21 [22,23], ANXA1 and ALDH1Al
in 9g21.13 [24-26], SNCG in 10g23.2 [27], KCNJ16, ABCA10
and ABCA6 in 17q24.2-q24.3 [28], transforming growth fac-
tor B receptor 2 (TGFBR2) in 3p24.1 [29], and hsa-miR-761 in
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Figure 3. Three studies (data sets 2, 3, and 4, shown in Table 1) demonstrate the hierarchical clustering of the sample expression
profiles (A, B, and C, respectively). Columns represent the samples, and rows represent the genes. The colored bar at the
left represents the regions: 20p11.21 (yellow-green), 9921.13 (light green), 1q41 (light blue), 10q23.2 (purple), 1p32.3
(orange), 10926.11 (emerald), Xq23 (dark green) and 8q11.21 (pink). Standardized gene expression values are displayed as
colored boxes; red=high; green=low. The horizontal bar at the top indicates the classification of the samples: gray=normal;

black=cancer.

1p32.3 [30]. For example, the region of 8q11.21, found in all
but 1 study, showed abnormal amplification in breast cancer.
MCM4 in 8q11.21 was differentially expressed in breast can-
cers. MCM4 is a subunit of the MCM replication helicase com-
plex (MCM2-7), which is essential for DNA replication, genome
stability, and DNA damage response. An MCM4 mutation sub-
type, Phe345Iso, has been shown to be involved in the devel-
opment of breast cancer in female mice. CEBPD is a tumor sup-
pressor gene and was found to be up-regulated in the region.
The chromosomal region 3p24.1 is very prominent, and is a re-
gion frequently associated with chromosomal abnormalities in
breast cancer. It was deleted in at least 6 data sets in the cur-
rent study. Transforming growth factor 3 receptor 2 (TGFBR2)
in 3p24.1 has also been shown to be absent in breast cancer.
TGF-B family members are potent inhibitors of the growth of
many epithelial cells. Transmembrane signaling by TGF-f oc-
curs via a complex of serine/threonine (Ser/Thr) kinases. As a
transcription factor, TGFBR2 regulates many target genes asso-
ciated with breast cancer and is involved in breast cancer de-
velopment and cancer cell growth [29,31]. The 1p32.3 region
contains the miRNA hsa-miR-761, which has been shown to
be associated with breast cancer by next-generation sequenc-
ing of miRNAs. These results demonstrated that this method
was able to identify not only pathogenic genes in breast can-
cer, but also cancer-related TFs and miRNAs.

When we expanded the related genes in these GO terms to the
expanded gene set, for expanding the most related genes, we
chose that the distances of the paths from these terms to the
root node of the GO tree were greater than 7 and the number
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of genes in these terms was greater than 100. When we ex-
panded the genes that were in the same pathway as the genes
in the candidate chromosomal regions to form an expanded
gene set, and we found that there were different numbers of
genes in different pathways. It is unreasonable to expand all
the genes in a pathway into an expanded gene set, because
there may be little relation between genes that are far apart
in the same pathway. To extract genes that were more highly
correlated with the genes in the candidate chromosomal re-
gions to include in an expanded gene set, each pathway was
converted to an undirected graph with enzymes as nodes.
Depth-first traversal and breadth-first traversal methods [1]
were then used, in which the genes in the candidate chromo-
somal regions were taken as root nodes and all genes in the
same pathway were listed according to the order of traversal
in the metabolic pathway. A total of 30% of the listed genes,
which are near to the root-node gene in the metabolic path-
way, were extended into the expanded gene set.

Although the chromosomal region location was based on gene
mapping, with the start position of the first gene used as the
start location and the end position of the final gene as the ter-
mination location, this could lead to some errors. First, many
genes have different chromosomal locations according to dif-
ferent databases. We used the GeneCards V3 chromosome
location by default. Second, we compared expression abun-
dance of probes on different platforms, not gene expression
levels. Because of alternative splicing, probe abundance does
not necessarily represent gene abundance. Finally, increased
or decreased gene expression may result from factors other
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Table 2. Gene ontology annotation results for genes in the aberrant chromosomal regions.

GO terms GO category

GO: 0047115 Trans—1,2—d|hydrobfer12ene—1,2—d|ol
dehydrogenase activity

GO: 0042626 ATPase activity, coupled to transmembrane
movement of substances

GO: 0016818 !—Iydrolase activity, ac.tlrlg on acid .anhydrldes,
in phosphorus-containing anhydrides

GO: 0005524 Adenyl nucleotide binding

GO: 0005215 Transporter activity

p-values Gene symbol

0.009 AKR1C2; AKR1C3

0.003 ABCAS5; ABCA6; ABCA8; ABCA9

0.0005 ABCA5; ABCA6; ABCA8; ABCA9; MCM4;
SMARCA2

0.004 ABCA5; ABCA6; ABCA8; ABCA9; MAP2K6;

’ MCM4; PAK3; SMARCA2; TGFBR2

ABCA5; ABCA6; ABCAS; ABCA9; AKR1C2;

0.002 AKR1C3; ALDH1A1; FXYD1; FXYD3; KCNJ16;

MCM4; VLDLR

than chromosome amplification or deletion. Gene’s regulation
by TFs and miRNAs is usually very complex, and these factors
may regulate mRNA expression in synergy. Abnormal expres-
sion of TFs and/or miRNAs can therefore lead gene expression
to be changed in the target region.

Tumor-associated gene expression

Because disease progression may be correlated with the accu-
mulation of genetic alterations, such as DNA amplification, we
assumed that groups of samples with increased gene expres-
sion in the identified chromosomal regions might represent tu-
mor-related groups. To validate this assumption, we clustered
the samples using the expression profiles of the genes in the
identified chromosome regions by the hierarchical clustering
method. Variations in chromosomal regions 20p11.21, 9921.13,
1941, 10g23.2 1p32.3, 10926.11, Xg23, and 8q11.21 were found
in at least 4 sets of expression profiles. Clustering analysis of
gene expression levels in these regions was performed in 3
data sets, which contained the tumor status of the samples
(for data sets 2, 3, 4, shown in Table 1). We found that expres-
sion profiles within these chromosomal regions could be used
to distinguish between normal and breast-cancer samples. The
clustering results shown in Figure 3 suggest an association be-
tween tumor status and gene expression profile. Normal sam-
ples appeared to align with lower gene expression (Figure 3,
shown in green), whereas tumor samples correlated with high-
er expression (Figure 3, shown in red) in those identified chro-
mosome regions. We also found that common genes in those
chromosome regions seemed to be associated with breast can-
cer. For example, SNCG in 10g23.2 encodes a specific protein in
breast cancer and expression of the gene is highly correlated
with breast cancer occurrence. In our algorithm, SNCG expres-
sion was reduced in all expression profiles. BCSG1 is barely ex-
pressed in normal breast tissue and benign lesions, but is high-
ly expressed in most tumor tissues, including invasive breast
cancer and ovarian cancer. Abnormal expression of BCSG1 is

related to tumor cell growth, invasion and metastasis, and de-
letion of SNCG has been reported to be an independent indica-
tor of good prognosis in breast cancer [27]. CDKN2C, OSBPL9,
RNF11, EPS15, NRD1, and TTC39A were found on chromosome
1p32.3. These genes covered a compact region of 1 Mb and
were found to be down-regulated. CDKN2C encodes cyclin-de-
pendent kinase inhibitor 2C, also known as p18, which mainly
inhibits the activity of cyclin-dependent kinase 4 (CDK4). CDK4,
in turn, is mainly involved in the cell cycle and cell proliferation.
CDKN2C thus plays a major role in cell cycle arrest, as a neg-
ative regulator of cell proliferation in tumorigenesis. CDKN2C
has been shown to be expressed at a low level in breast cancer
and prompts unlimited tumor proliferation [32,33].

The chromosomal regions 1g41 and 9g21.13 were also iden-
tified using our algorithm. Although there are no previous re-
ports linking deletion of this chromosome region to breast can-
cer, we have shown close relationships between ANXA1 [34]
and ALDH1A1 [35] and breast cancer, as key genes in breast
cancer diagnosis.

Gene function terms and novel genes which are potentially
tumor-related are identified

The method has not only identified lots of genes that have been
well known to correlate with breast cancer, but also identified
some gene function terms and novel genes that could poten-
tially be correlated with breast cancer. We got 57 non-redun-
dant genes from the aberrant chromosomal regions from 7
gene expression data set and mapped those genes to the Gene
Ontology to identify the potentially correlated function terms.
The results showed that there were 5 enrichment GO terms
and 16 non-redundant genes in those GO terms. The genes
symbols showed as bold in Table 2, meaning that these genes
were reported in the literature and altered in breast cancer cells
obtained from the Genes-to-Systems Breast Cancer Database.
Hypergeometric tests were used to determine whether 16
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Figure 4. Robustness analysis results. Color
depth represents the intersection
ratio, which ranged from 0.54 to 1.
Parameters: The distances of the
paths from these terms to the root
node of the GO tree; the number
of consecutive non-differentially
expressed genes; extended percentage
of KEGG; p-values for genes in the
expression profile.

non-redundant genes in Go terms were significantly related
to the breast cancer. Here, N was the number of genes in the
genome, K was the number of all genes obtained from the
Genes-to-Systems Breast Cancer Database, M was the number
of 16 non-redundant genes in Go terms, and X was the number
of genes obtained from the Genes-to-Systems Breast Cancer
Database in 16 genes. The p value was <0.00001 and the re-
sult showed that 16 genes were significantly related to breast
cancer. Genes for AKR1C3, ABCA9, and MAP2K6 were not re-
ported in the Genes-to-Systems Breast Cancer Database and
they were identified as the novel genes that were potentially
tumor-related. Aldo-keto reductase 1C3 (AKR1C3), which was
known as a biomarker and therapeutic target for Castration-
Resistant Prostate Cancer, had high expression in breast can-
cer and recently was regarded as a potential anti-cancer drug
target in both CRPC and ER-positive breast cancer [36,37]. The
combined expression pattern of ABCA8 or ABCA9 was associat-
ed with particularly poor outcome in Epithelial Ovarian Cancer
and the expression of ABCA9 showed the differently expres-
sion in breast cancer [38]. MAP2K6 gene showed low expres-
sion in breast cancer. Those novel genes will test in the future
works and be applied to the breast cancer.

The identification of aberrant chromosomal regions from
training and testing data sets were consistent

To test the performance of this algorithm, we divided the 7 sets
of gene expression data into training data set and test data
set. Six data sets were extracted from 7 data sets as the train-
ing set, and the remaining data set was retained as the test
set. The cross-validation by leaving-one method was used for
the consistency verification of the algorithm and the 7 analy-
sis results were obtained by using the algorithm. The percent-
age of overlapping regions on chromosomal regions in any 2
results was at least 76%. The analysis results showed that the

This work is licensed under a Creative Commons
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chromosome regions identified by the algorithm in the train-
ing set and the test set had strong consistency and the algo-
rithm had a strong applicability for the different gene expres-
sion data sets.

Robustness of the method

To analyze the robustness of the results from 7 independent
breast cancer studies, we examined the intersections between
the identified chromosomal regions for any 2 result sets with
the different values combination of GDI, GECR, and RI. We fo-
cused on RI (0.4, 0.5), GDI (5, 8, 10, and 15) (see Material and
Methods), GO terms, which the distances of the paths from
these terms to the root node of the GO tree were equal to 7
or 8, KEGG pathways, with a total of 80% of listed genes close
to the root-node gene in the pathway. A total of 32 identified
chromosome regions result sets were obtained with the dif-
ferent values’ combination of GDI, GECR, and RI. Then, we cal-
culated IRl values (see Material and Methods) for any 2 of the
result sets, and found that the intersection ratios between any
2 result sets were all greater than 0.8 (Figure 4). The analysis
of the results showed that this method could identify chro-
mosomal aberrant regions robustly.

Discussion

We established a general and unsupervised method for iden-
tifying aberrant chromosomal regions in cancers by using the
information from the genes expression, genes function, and
protein-protein interaction. The analysis of the results showed
that those chromosomal regions known for frequent chromo-
some aberrance regions were identified. When the values of
GDI, GECR, and Rl were set at 2, 0.8, and 0.3, the chromosome
arrant regions for 8q11.21, 20p11.21, 3p24.1, 10g23.2, 1p32.3,
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9g21.13, and 17q24.2-q24.3 were identified through the meta-
analysis and those chromosome regions were proved to corre-
late with the breast cancer. In addition, some known and nov-
el pathogenic genes, TFs, and miRNAs associated with breast
cancer were also found. The genes of MCM4 and CEBPD in
8q11.21, THBD and CD93 in 20p11.21, ANXA1 and ALDH1AL1,
SNCG in 10g23.2, KCNJ16, ABCA10 and ABCA6 in 17q24.2-q24.3,
TGFBR2 in 3p24.1, and hsa-miR-761 in 1p32.3 were proved
to correlate with the breast cancer. The genes for r AKR1C3,
ABCA9, and MAP2K6 were identified as the novel genes that
were potentially tumor-related and those genes may provide
a new target for breast cancer therapy.

This method is robust and can get strong consistent results
among different datasets. We identified 32 aberrant chromo-
some regions sets under the different values combination of
GDI (5, 8, 10, and 15), GECR (0.8), Rl (0.4, 0.5) and examined the
intersections between any 2 result sets. As the intersection ra-
tios between any 2 results is more than 0.8, the result showed
that this method could identify chromosomal aberrant regions
robustly. Although we verified the stability and robustness of
the algorithm, it still requires further testing and adjustment of
the parameters for the identification of chromosomal regions
affected by multiple parameters. We also divided the gene ex-
pression data into training data and test data sets, and used
the cross-validation by leaving-one method to verify the con-
sistency. At least 76% chromosome overlap regions between
any 2 results were obtained which showed that the method
could be used for the different gene expression data platform.
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We clustered the samples using the expression profiles of the
genes in the identified chromosome regions. The normal sam-
ples and tumor samples were clustered into different clusters
and they had different gene expression profiles, so the iden-
tified chromosomal regions could be used as the biomarkers
of breast cancer. These chromosome regions may provide an
effective approach to identify breast cancer with fluorescence
in situ hybridization.

Conclusions

Here, we provide a new applicable method for identifying chro-
mosome structural variations in different types of diseases and
gene expression data platforms. This method can identify ab-
errant chromosomal regions and will thus provide the basis
for further experimental studies, as well as helping in clinical
diagnosis. Bioinformatics data analysis using our method will
allow the identification of potential aberrant chromosomal re-
gions based on gene expression profiles. Further studies us-
ing this approach will aid clinical diagnosis and improve our
understanding of complex diseases.
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