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Abstract

Defining the aggressiveness and growth rate of a malignant cell population is a key step in the clinical approach to treating
tumor disease. The correct grading of breast cancer (BC) is a fundamental part in determining the appropriate treatment.
Biological variables can make it difficult to elucidate the mechanisms underlying BC development. To identify potential
markers that can be used for BC classification, we analyzed mRNAs expression profiles, gene copy numbers, microRNAs
expression and their association with tumor grade in BC microarray-derived datasets. From mRNA expression results, we
found that grade 2 BC is most likely a mixture of grade 1 and grade 3 that have been misclassified, being described by the
gene signature of either grade 1 or grade 3. We assessed the potential of the new approach of integrating mRNA expression
profile, copy number alterations, and microRNA expression levels to select a limited number of genomic BC biomarkers. The
combination of mRNA profile analysis and copy number data with microRNA expression levels led to the identification of
two gene signatures of 42 and 4 altered genes (FOXM1, KPNA4, H2AFV and DDX19A) respectively, the latter obtained
through a meta-analytical procedure. The 42-based gene signature identifies 4 classes of up- or down-regulated microRNAs
(17 microRNAs) and of their 17 target mRNA, and the 4-based genes signature identified 4 microRNAs (Hsa-miR-320d, Hsa-
miR-139-5p, Hsa-miR-567 and Hsa-let-7c). These results are discussed from a biological point of view with respect to
pathological features of BC. Our identified mRNAs and microRNAs were validated as prognostic factors of BC disease
progression, and could potentially facilitate the implementation of assays for laboratory validation, due to their reduced
number.
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Introduction 95% 5-year survival rate, patients with G3 malignancies show
75% 5-year survival rates, whereas those with G2 malignancies
show 50% 5-year survival rates [8]. For its excellent outcome G1
does not require adjuvant chemotherapy, on the contrary, G3
requires systemic treatment, while G2 is not useful for the
treatment decision.

Breast cancer (BC) is a heterogeneous disease with varied
morphological presentation, molecular features, behaviors, and
response to therapy [1-2]. Clinical decisions on BC treatment are
based on the availability of strong prognostic and predictive factors
to guide the patient decision-making and the choice of treatment
options [3-5]. One of the most well-established prognostic factors
for BC is histological grade, which involves morphological
assessment of tumor biological characteristics and quantifies tumor
aggressiveness [6-7]. The histological definition of the tumor
grade in BC is mainly based on the degree of differentiation of the
tumor tissue [6]: grade 1 (G1) is a well-differentiated, slow-growing
tumor; grade 3 (G3) is a poorly differentiated, highly proliferative
tumor; grade 2 (G2) is a moderately differentiated, slightly faster-
growing tumor than normal cells.

Mis-assignments of G1 to G3 grade or vice versa are rarely
reported, while difficulties in discriminating G2 from the other
grades are often presented [6]. In fact, a high percentage of tumors
(30-60%) are classified as histologic G2 with poor degree of
concordance between two different pathologists. Sometimes, a
central pathologist consensus is used to improve pathology
classification [9-10].

In recent years, molecular techniques, in particular gene
expression profiling, have been used increasingly, in order to
mmprove BC classification and to assess patient prognosis and
response to therapy.

Most molecular studies of BC have focused on the analysis of
only one or the combination of two genome-wide microarray-

The prognostic value of histological grade has been documented
for most tumor types [4]. The histological grade of BC has been
correlated with life expectancy of patients [8]. For example,
untreated patients with G1 disease have been shown to have a
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based expression profiling approaches, such as mRNA expression
profiling, DNA copy number, and/or epigenetic analysis (e.g.
microRNAs).

When only genome-wide microarray-based expression profiling
was used, two different strategies were adopted to provide
prognostic information by means of gene expression signatures
[11]: following a “top-down” strategy, mRINA expression profiling
from patients with known clinical outcome were statistically
compared to identify signatures associated with different progno-
sis, without any biological assumption [12]; following a “bottom-
up” strategy, mRNA expression profiling from patients with
different tumor biological characteristics were selected and
reduced in number following analysis through multivariate models
[13-15], with a potential cost reduction of genomic biomarker
analysis.

However, a different strategy, fully based on biological
assumptions, implies the combination of two or more genome-
wide microarray-based expression profiling resulting in the
identification of molecular profiles able to predict cancer
progression [16-19] and treatment response [16] but at the same
time allowing the selection of only a limited number of target genes
(e.g. from thousands to fifty) [20-21].

Most studies concerning DNA copy number alterations (CNAs)
investigated the use of genetic aberrations as biomarkers for cancer
prognosis [22-23], but few studies have been reported regarding
the relationship between CNAs and disease progression [24-27].
Moreover, most of these studies did not consider that identifying
CNAs in genes is important for defining key genetic events leading
to malignant transformation and disease progression. The
association between CNAs and gene expression levels has been
demonstrated, and 12% of gene expression variation can be
explained by differences in CNAs [28]. Genes responsible for
regulating molecular processes may be targeted by these
alterations, with expression changes resulting from CNAs. By
combining gene expression and copy number data, genes involved
In tumor processes can be better characterized and numerically
reduced.

Only a limited number of studies have used this approach in
cancer prognosis [29-44]. Several studies have used high-
resolution oligonucleotide comparative genomic hybridization
arrays, and, by matching gene expression array data, they
demonstrated a correlation between DNA copy number alteration
and mRNA levels [29-31]. Chin et al. [37] showed that the
accuracy of risk stratification, according to the outcome of BC,
could be improved through a combined analysis of gene
expression and DNA copy number. Other studies [36-41] have
correlated DNA copy number changes with gene expression
signatures.

MicroRNAs (miRNAs) are small, noncoding RNA molecules
approximately 22 nucleotides in length that interact with their
target mRNAs to inhibit translation or target mRNA for
degradation or deadenylation [45-46]. This interaction is guided
by sequence complementarity and results in the reduction of
mRNA, causing decreasing of protein levels.

Each miRNA is potentially able to regulate approximately 100
or more mRNA targets, and 30% of all human genes are thought
to be regulated by miRNAs [47-49]. miRNAs are involved in key
biological processes, such as development, differentiation, apop-
tosis, and proliferation [50-51]; therefore, identification and
validation of miRNA-mRNA target interactions is essential.
miRNA expression is highly specific for tissues and developmental
stages [51-52], and has recently been used for the molecular
classification of tumors [53-54]. Zhang et al. [55] showed that
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CNAs of miRNAs and their regulatory genes is highly prevalent in
cancer.

In addition to deregulated expression of miRNAs associated
with a variety of cancers [56-57], in 2008 it was discovered that
miRNAs are also present in blood of cancer patients [58-60].
Over the last few years, these results were confirmed in other
cancer studies and in different diseases, (for a review see [61-64]),
and circulating miRNAs have emerged as promising novel and
minimally invasive markers [65]. Circulating, cell-free miRNAs
hold great promise as a new class of biomarkers [66-69] due to
their surprisingly high stability in plasma, association with disease
states, small amounts of starting materials needed and ease of
sensitive measurement. MicroRINA blood profiles may be useful to
classify different types of cancer, and also may be considered as
potential targets to be obtained in blood in an early stage of disease
or hopefully when the disease is not expressed yet [70-71], and
also to discriminate between benign and malignant disease [71].

In a limited number of studies involving integration analysis of
mRNA expression in BC, genomic changes and miRNA
expression were adopted [72-75]. Eo et al. [72] classified BC
subtypes to incorporate pathways information with various genetic
analyses and achieved better performance than classifiers based on
the expression levels of individual genes of BluePrint. Kristensen et
al. [74] used an integrated approach to identify and classify BC
according to the most deregulated pathways that provide the best
predictive value with respect to prognosis, as well as identified key
molecular and stromal signatures.

By combining the analysis of mRNA expression data, array-
comparative genomic hybridization (aCGH), and miRNAs,
Blenkiron et al. [75] identified a number of miRNAs that are
differentially expressed among molecular tumor subtypes.

The aim of this study was to develop a method able to efficiently
combine CNA, miRNAs and mRNAs in order to reclassify
histological G2 BC tumor into G1- and G3-like BC tumor, thus
improving BC grade definition. Our fully biological-based
approach is novel with respect to previously published approaches
proposed for similar purposes based on only mRNA expression
profiling [14-15], and considers the combined effect of epigenetic
and genetic changes resulting in deregulated gene expression and
function.

We also assessed if the proposed combined approach allows
incremental results in BC classification with respect to those
previously obtained in published papers [14—15], in terms of both
grade classification performance and number and type of genomic
features identified as candidate biomarkers of BC progression and
potentially suitable for an easy and less expensive implementation
of clinical assays.

The identified CNA-altered mRNA-targets and miRNA could
be further investigated in laboratory by clinical experiments on
tissue or blood samples from BC patients, as potential prognostic
biomarkers responsible of BC disease development and progres-
sion, thus resulting very useful for treatment decision.

Materials and Methods

Gene expression analysis: mRNAs

We used 3 public BC microarray datasets from the Gene
Expression Omnibus (GEO) database: the dataset used by Foekens
et al. (FK) [76], GSE11121, and GSE2990 containing 180, 200,
and 125 samples, respectively, for a total of 505 BC microarray
data sets. Datasets were all from the same Affymetrix GeneChip
Human Genome U133A platform. These data sets were subjected
to two phases:
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Figure 1. Schematic procedure for the identification of up and
down regulated miRNAs. Identification of up and down regulated
miRNAs.

doi:10.1371/journal.pone.0097681.g001

® Normalization. Gene expression values were computed from
microarray data using a robust multi-array average (RMA)
method.

® Data merging. To harmonize gene expression data from the
three different datasets, it was necessary to detect and remove
the batch effects (experimental variations of datasets generated
by different laboratories). An empirical Bayes method,
combining batches of gene expression microarray data
(ComBat), was used. The systematic difference for differently
normalized data generated by the three laboratories was

adjusted [77-78].
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From the 505 BC microarray data sets, properly normalized
and harmonized, we randomly selected three groups: microarray
data sets from 78 patients with G1 BC, microarray data sets from
78 patients with G2 BC and microarray datasets from 78 patients
with G3 BC. This selection was performed in order to use equal
sample sizes from the three groups of microarray datasets.

To identify associations between gene expression and disease
progression with regard to grade, a significance analysis of
microarray (SAM) was used [79]. SAM was applied to select
statistically significant genes based on differential expression
between 2 classes of samples. SAM identifies statistically significant
genes by carrying out a gene-specific /test with respect to the
separation of the 2 classes of interest, and then computes a statistic
measure for each gene which represents the strength of the
relationship between gene expression and a response variable (e.g.
false discovery rate, FDR). More specifically, as a first step, SAM
analysis was used to detect DNA probes to discriminate between
the 2 following classes of interest: G1 vs G3, G1 vs G2 and G2 vs
G3.

The genes were considered up- or down-regulated if their mean
expression in one class were significantly higher/lower respectively
(FDR, g-value <0.01) than in the other class. In a second step, the
up- or down- regulated genes were identified by submitting the
corresponding Ids probes from the HGU133 Array to Affymetrix
through the Netaffx tool [80].

We compared deregulated genes obtained from G1 vs G2 SAM
analysis and from G2 vs G3 SAM analysis with deregulated genes
obtained from G1 vs G3 SAM analysis.

Copy number alteration analysis: CNA-associated mRNAs

We used one public BC SNP array dataset from the GEO
database: GSE16619. We selected 9 patients with G1 and 66
patients with G3 BC. All samples were characterized using the
Affymetrix SNP 5.0 array. We used the copy number analyzer for
GeneChip (CNAG) [81] to identify the chromosomal regions with

SNP-Array
Affymetrix SNP 5.0

\

GSE16619 :

CNAG

Deleted
genes

Gene
down- Deleted
regulated BENES

Figure 2. Schematic procedure Gene Expression and Genome CNA. |dentification of up regulated genes with copy number gains and down

regulated genes with copy number losses is showed.
doi:10.1371/journal.pone.0097681.g002
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gains and losses of DNA and we used the UCSC table browser
[82] to identify genes within the identified chromosomal regions.

In both G1 and G3 groups, we selected the first 6000 more
frequently observed genes with CNA.

miRNA analysis: miRNA-regulated mRNAs

We used one public BC miRNAs expression data set from the
GEO database: GSE22216. We selected 42 patients with G1 and
42 patients with G3 BC.

SAM was applied to select significant miRNAs based on
differential expression between these two classes of samples (Fig. 1).
miRNA were considered up- or down-regulated if their mean
expression in G3 BC were significantly higher or lower,
respectively (FDR, g-value <0.01) than in class G1 BC.

Each miRNA can regulate approximately 100 or more mRNA
targets [48]. miRDB [83-84] was used to identify mRNA targets
of each miRNA obtained in the differential expression analysis.

Combination of gene expression and genome copy
number alteration

In this phase, identification of differentially expressed genes with
CNAs (gains/losses) was obtained (Fig. 2). In particular, by
considering the results of gene expression analysis (i.e. up- and
down-regulated genes) and of copy number analysis (i.e. amplified
and deleted genes), we selected the following genes:

— Up-regulated genes with copy number gains in G1 BC patients
(by selecting genes common to the set of up-regulated and the
set of amplified genes);

— Down-regulated genes with copy number losses in G1 BC
patients (by selecting genes common to the set of down-
regulated and the set of deleted genes);

miRDB

Improvement in Breast Cancer Grade Definition

—  Up-regulated genes with copy number gains in G3 BC patients
(by selecting genes common to the set of up-regulated and the
set of amplified genes);

— Down-regulated genes with copy number losses in G3 BC
patients (by selecting genes common to the set of down-
regulated and the set of deleted genes);

Combination of gene expression, genome copy number
alteration and miRNA-analysis

We hypothesized that if a miRNA is up-regulated in cancer, it
down-regulates a gene that can act as a tumor suppressor or
transcriptional repressor of an oncogene. In contrast, if a miRNA
is down-regulated in cancer, its target gene is up-regulated, which
can be an oncogene or a transcriptional repressor of an
oncosuppressor. Even if CNA revealed mRNA deregulation, the
combination of miRNAs and CNA on the genes may reveal other
mRNA deregulation. We analyzed the target genes of up- and
down-regulated miRNAs from G1 and G3 BC patients. These
target genes were compared with up-regulated and amplified (up-
amplified) genes and down-regulated and deleted (down-deleted)
genes, respectively. We then selected common genes to the set of 1)
down-regulated and deleted genes, with their up-regulated
miRNAs-mRNA and ii) up-regulated and amplified genes, with
their down-regulated miRNAs-mRNA (Fig. 3).

In particular, we identified:

— Up-regulated genes with copy number gains that are targets of
down-regulated miRNAs in patients with G1 BC;

— Down-regulated genes with copy number losses that are targets
of up-regulated miRNAs in patients with G1 BC;

— Up-regulated genes with copy number gains that are targets of
down-regulated miRNAs in patients with G3 BC;

miRDB

target

Down miR miR
—|  deleted target
genes genes

genes

Up
amplified =
genes

Figure 3. Schematic procedure miRNAs analysis. Combination of gene expression, genome CNA, and miRNA-regulated mRNAs.

doi:10.1371/journal.pone.0097681.g003
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Figure 4. Example of CNA detected by Genome Wide 5.0
Picture generated with CNAG. The red plots (top panel) show
individual SNP probe signals. In the second panel the blue line
represents total gene dosage. The diploid state is indicated by 2. The
chromosome 1 shows one big amplification in 1q.
doi:10.1371/journal.pone.0097681.g004

— Down-regulated genes with copy number losses that are targets
of up-regulated miRNAs in patients with G3 BC.

The classifier

We designed a machine learning algorithm, a rapid miner
workflow (RMA-WYT) [43-44] [85-87] based on support vector
machines (SVM).

RMA-WF was used for the validation of the classifier following
two different processes.

— Cross-validation operator. We used a 4-fold cross validation
process in which a two-step process was performed. In the first
step, the classifier was trained over a predetermined set of G1 and
G3 BC data. In the second step, the trained classifier was used to

Class1

Grade 3- miR UP Target genes DOWN/DELETED

e ARHGEF3; ILGST; STC2
hsa-miR-135-5p CLU; ILGST; NBEA

hsa-miR-515-5p ARHGEF3; ZFP36LL
hsa-miR-362-5p ARHGEF3
hsa-miR-142-3p FNDC3A; MTMRS
hsa-miR-241 MTMRS
hsa-miR-455-5p TJPL

Class 2

Grade 1- miR DOWN Target genes UP/AMPLIFIED

hsa-miR-532-5p AASS; LPP
hsa-miR-455-5p CADPS2; GON4L
hsa-miR-515-5p ZFPM2

Improvement in Breast Cancer Grade Definition

test new classification exemplars. Specifically, the G1 and G3 BC
datasets were partitioned into £ subsets of equal size. Of the £
subsets, a single subset was retained as the testing data set and the
remaining £—/ subsets were used as the training data set. The
cross-validation process was then repeated £ times, with each of the
k subsets used exactly once as the testing data. The £ results from
the £ iterations were averaged to produce a single estimation.
Mean accuracy, sensitivity, and specificity of the classifier were
determined. It is worth noting that, in this work, specificity relates
to the ability of the classifier to identify G1 samples (as it measures
the percentage of G1 samples which are correctly identified as
belonging to G1 class), and sensitivity relates to the ability of the
classifier to identify G3 samples (as it measures the percentage of
G3 samples which are correctly identified as belonging to G3
class).

Area under the receiver operating characteristic curve (AUC)
was also computed as a measure of classifier performance.

-Training and testing validation operator. In the first step, the
classifier was trained over a predetermined set of G1 and G3 BC
data. In the second step, the trained classifier was used to test new
classification examples of G2 data, which were re-classified as G1
or G3 (G1*, G3%*) after testing. In a third step, these classes G1*
and G3* were used to train again RMA-WF and to test G1 and
G3 datasets.

Mean accuracy, sensitivity, specificity, AUC and computational
time of the classifier were determined.

We optimized inference accuracy over a space of given SVM
feasible learning parameters: kernel.y, kernel.C €{ 0...5} step 30;

Class 3
hsa-miR-372 ATADZ; TIMML7A; E2FS
hsa-miR-320d DSCCL; FAM4SE; RAD2L; FOXML;

RADS1APL; AZINL; TCEBL
hsa-let-7¢ E2FS
hsa-miR-139-5p H2AFV; LAPTM4E; AZINL

hsa-miR-125z5p SECALA2

hsamiR-567 SKP2; POLR2IG; TMEM70; KPNA4
hsa-miR-647 TCEBL

hsa-miR-328 YWHAZ

Class4

hsarlet-7c DDX19A

hsa-miR-372 DNAJAZ; DNAJCS; ASFLE; HNL
hsa-miR-139-5p GPRSG; H2AFV

hsa-miR-581 NIP7

hsa-miR-125z5p SECGE1A2

hsa-miR-320d SHCEPL; NIP7

hsa-miR-627 SYNGR1

hsa-miR-328 TRIM39

Figure 5. Combination of Gene Expression - Genome CNA and miRNA analysis. Each table represents: down-regulated genes with putative
up-regulated miRNAs in G3 (Class 1), up-regulated genes with putative down miRNAs in G1 (Class 2), up-regulated genes with putative down-
regulated miRNAs in G3 (Class 3), and down-regulated genes with putative up miRNAs in G1 (Class 4), respectively.

doi:10.1371/journal.pone.0097681.g005
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Table 1. G1 vs. G3 classification performances (mMRNA and miRNA): accuracy, cross-validation.

ACCURACY

1 1390 genes

Il 532 genes

Il 42 genes

IV 17 miRNA

FK 17G1vs17G3

Gse11121 29G1vs29G3
GSE2990 28G1vs28G3
GSE7390 30G1vs30G3

82.50% [Cl 95%] 77.57-87.42
90.00% [Cl 95%] 87.15-92.84
93.33% [Cl 95%] 90.43-96.22
90.00% [Cl 95%] 86.62-93.37

80.00% [Cl 95%] 75.44-84.55
91.67% [Cl 95%] 88.21-95.12
93.33% [Cl 95%] 90.43-96.22
90.00% [Cl 95%] 87.20-92.79

84.17% [Cl 95%] 76.81-91.52
93.00% [Cl 95%] 90.78-95.21
95.00% [Cl 95%] 92.99-97
90.00% [Cl 95%)] 87.2-92.79

GSE22216 42G1vs42G3

Mean (over datasets) 88.95%-+/—4.58"

88.75%-+/—5.98"

85.69% [Cl 95%)] 84.12—
87.25

90.54%+/—4.71" 85.69%

'standard deviation.
doi:10.1371/journal.pone.0097681.t001

kernel.type = RADIAL, DOT, ANOVA (see Rapid Miner
documentation at [85]). This approach allowed to find, the best
SVM learning parameters for each data type over the same space
of values.

All data have been deposited in our research centre repository
(inlab.ibfm.cnr.it/research_data.php).

Evaluation of combination approaches

The performances of BC grade classification was evaluated
using the genomic biomarkers selected by the different combina-
tion approaches:

I: The expression levels of the up- or down-regulated mRNAs
as obtained from gene expression analysis;

— II: The expression levels of the up-regulated genes with
amplification and down-regulated genes with deletion and the
expression levels as obtained from the combined analysis of
gene expression and genome CNA;

— III: The expression levels of i) up-regulated and copy number-
amplified genes (up-amplified) that are target of down-miRNAs
and 1i) down-regulated and copy number-deleted genes (down-
deleted) that are target of up-miRNAs, as obtained from the
combined analysis of gene expression, genome CNA, and
miRNA.

— IV: The expression levels of miRNAs, as obtained from the
combined analysis of gene expression and genome CAN

Evaluation of G1 vs. G3 classification

The classifier was tested to distinguish between histological G1
and G3 BC patients using the different combination approaches
I-1V).

Cross validation of the classifier was performed for 5 different
BC datasets: 17 G1 BC patients and 17 G3 BC patients from the
FK dataset, 29 G1 BC patients and 29 G3 BC patients from the
GSE11121 dataset, 28 G1 BC patients and 28 G3 BC patients
from the GSE2990 dataset, 30 G1 BC patients and 30 G3 BC
patients from the GSE7390 dataset, and 42 G1 BC patients and 42
G3 BC patients from the GSE22216 (miRNA- dataset). The value
k was adjusted with k=10 as in references [88-90]. Confidence
intervals were stated at the 95% confidence level.

Evaluation of G2 classification

The classifier was tested to re-classify G2 using the different
combination approaches (I-IV).

For this purpose, the machine learning algorithm based on
SVM (RMA-WF) was used to classify G2 BC patients in G1 or G3
class. Specifically, 5 different BC datasets were used: from the FK
dataset, 17 G1 BC patients and 17 G3 BC patients were used for
training and 34 G2 patients were used for testing; from the
GSE11121 dataset, 29 G1 BC patients and 29 G3 BC patients
were used for training and 50 G2 patients were used for testing;
from the GSE2990 dataset, 28 G1 BC patients and 28 G3 BC
patients dataset were used for training and 44 G2 patients were
used for testing; from the GSE7390 dataset 30 G1 BC patients and
30 G3 BC patients were used for training and 34 G2 patients were
used for testing. From the miRNA dataset GSE22216, 42 G1 BC

Table 2. G1 vs. G3 classification performances (mMRNA and miRNA): sensitivity, cross-validation.

SENSITIVITY

1 1390 genes

1l 532 genes

11l 42 genes

IV 17 miRNA

FK 17G1vs17G3
Gse11121 29G1vs29G3
GSE2990 28G1vs28G3
GSE7390 30G1vs30G3
GSE22216 42G1vs42G3

Mean (over datasets)

90.00% [Cl 95%] 83.27-96.72
90.83% [Cl 95%] 87.18-94.47
97.50% [Cl 95%] 95.53-99.46
93.33% [Cl 95%] 89.95-96.7

92.91%-+/—3.36"

85.00% [Cl 95%)] 74.23-95.76
90.00% [Cl 95%] 84.5-95.49
96.67% [Cl 95%] 94.05-99.28
96.67% [Cl 95%] 94.13-99.2

92.08%+/—5.6"

75.00% [Cl 95%)] 61.45-88.54
90.00% [Cl 95%] 86.06-93.93
96.67% [Cl 95%] 94.05-99.28
100.00% [Cl 95%)] 100-100

90.41%+/—11.08"

86.83% [Cl 95%] 82.07—
91.58

86.83%

'standard deviation.

doi:10.1371/journal.pone.0097681.t002
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Table 3. G1 vs. G3 classification performances (mMRNA and miRNA): specificity, cross-validation.

SPECIFICITY

1 1390 genes

Il 532 genes

1l 42 genes

IV 17 miRNA

FK 17G1vs17G3

Gse11121 29G1vs29G3
GSE2990 28G1vs28G3
GSE7390 30G1vs30G3

76.67% [Cl 95%] 65.69-87.64
90.00% [Cl 95%] 86.06-93.93
88.33% [Cl 95%] 83.52-93.13
86.67% [Cl 95%] 81.07-92.26

65.00% [Cl 95%] 51.87-78.12
93.33% [Cl 95%)] 89.89-96.76
90.00% [Cl 95%] 84.41-95.58
83.33% [Cl 95%] 77.67-88.98

96.67% [Cl 95%] 93.3-100
96.67% [Cl 95%] 94.09-99.24
91.67% [Cl 95%] 87.19-96.14
80.00% [Cl 95%)] 74.4-85.59

GSE22216 42G1vs42G3

Mean (over datasets) 85.41%+/—5.98"

82.91%+/—12.64"

83% [Cl 95%] 79.61-
86.38

91.25%+/—7.86" 83%

'standard deviation.
doi:10.1371/journal.pone.0097681.t003

patients and 63 G3 BC patients were used for training and 74 G2
patients were used for testing.

As results of testing, G2 samples were classified as G1 or G3
(G1*, G3%*). These classes G1* and G3* were used to train again
RMA-WF and to test to the 5 different G1 and G3 BC datasets.

Evaluation of our gene signature in comparison with
other gene signatures

Our gene signature (III) was compared with Sotiriou et al. 97-
gene signature [14], Ivshina et al. 18-gene signature [15] and
Ivshina et al. 6-gene signature [15], obtained by previous studies
on datesets of mRINA expression profiling of BC patients with the
same purpose of improving grade definition.

From above comparisons, we obtained a downsized gene
signature consisting of genes, which were shared with the above-
mentioned signatures. This downsized gene signature was
considered as a new gene signature (V).

Our final gene signatures (III and V) were tested together with
Sotiriou et al. 97-gene signature, Ivshina et al. 18-gene signature,
and Ivshina et al. 6-gene signature, in terms of both grade
classification performance and prognostic value. In order to avoid
cohort-specific biases, we used BC datasets not employed in any of
the above-referenced studies in the process of gene signature
identification.

Evaluation of G1 vs. G3 classification

The classifier was tested to distinguish between histological G1
and G3 BC patients using the five above mentioned gene
signatures. The ability of the classifier to distinguish between G1

and G3 BC patients was evaluated with a cross-correlation
approach: 30 G1 and 30 G3 BC patients from the GSE7390
dataset were used, and 28 G1 BC patients and 28 G3 BC patients
from the Stockholm dataset [91].

Evaluation of G2 classification

The classifier was tested to re-classify G2 using the five gene
signatures. For this purpose, the classifier was trained to the 2
different BC datasets used previously: from the GSE7390 dataset,
30 G1 BC patients and 30 G3 BC patients were used for training
and 34 G2 patients were used for testing; from the Stockholm
dataset (GSE1456), 28 G1 BC patients and 28 G3 BC patients
were used for training and 38 G2 patients were used for testing.

A survival analysis was also performed, using the survival
package included in the R statistical analysis software [92-93].

To determine if the re-classification of G2 in GI*¥ and
G3*correlates with patient survival endpoints, we examined
relapse-free survival of patients. The Kaplan-Meier estimate was
used to compute survival curves. Log-Rank tests and hazard ratios
[C.I. 95%] were computed to assess the statistical significance of
the differences between Gl1*and G3*, Gl and G1*, G3 and G3*.

Results

Differential gene expression analysis

The gene expression analysis of G1 vs G3 BC samples allowed
identification of 1190 de-regulated genes (1392 probes). Among
these, 578 (687 probes) were found to be up-regulated in G3 and
612 (705 probes) were found to be down-regulated in G3. The
functions of the 578 up-regulated genes have been previously

Table 4. G1 vs G3 classification performance (MRNA and miRNA): AUC, cross-validation.

AUC

IV 17 miRNA

1 1390 genes

Il 532 genes

1l 42 genes

FK 17G1vs17G3
Gse11121 29G1vs29G3
GSE2990 28G1vs28G3
GSE7390 30G1vs30G3
GSE22216 42G1vs42G3

0.767 [Cl 95%)] 0.65-0.87
0.967 [Cl 95%)] 0.94-0.99
0.964 [Cl 95%)] 0.94-0.98
0.956 [Cl 95%] 0.93-0.97

0.733 [Cl 95%] 0.62-0.84
0.956 [Cl 95%)] 0.93-0.97
0.978 [Cl 95%] 0.96-0.99
0.933 [Cl 95%] 0.90-0.96

0.850 [Cl 95%] 0.74-0.95
0.967 [Cl 95%)] 0.95-0.98
0.940 [CI 95%)] 0.91-0.96
0.900 [Cl 95%] 0.86-0.93

0.87 [Cl 95%] 0.84-0.89

Mean (over datasets) 0.91+/-0.09" 0.9+/-0.11" 0.91+/-0.05" 0.87
'standard deviation.
doi:10.1371/journal.pone.0097681.t004
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Table 5. Classification performances (mMRNA and miRNA): computational time (sec, execution time/number of samples), cross-

EXECUTION TIME (sec)

1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA
FK 17G1vs17G3 43.32 18.6 22
Gse11121 29G1vs29G3 53.48 239 2.6
GSE2990 28G1vs28G3 51.67 229 27
GSE7390 30G1vs30G3 57 258 3.2
GSE22216 42G1vs42G3 4.7

doi:10.1371/journal.pone.0097681.t005

associated with cell cycle control, mitosis and mitotic spindle
regulation or DNA repair. 66/578 genes overlap with the 66/80
G3-upregulated genes described by Sotiriou et al. [14] (i.e. BIRCS,
CCNA2, FOXMI, KPNA2, MYBL2, TPX2, UBE2N/2S)
moreover, 10/578 genes overlap with the 10/16 G3-upregulated
genes reported in Ivshina A. et al [15]. About the remaining 502
up-regulated genes, their main functions are linked to cell cycle
regulation (i.e. PLK1, PLK4, ...); protein folding (i.e. DNAJA2,
HSPDI,...); DNA (i.e. CDT1) and RNAs (i.e. DKC1, EIF2C2...)
maturation; DNA repair (i.e. EXO1, EXOSC2,...) and replication
control (i.e. GINS1, MCM2, MCM10, NCAPD2, NCAPG,...);
genome stability (spindle control, i.e. KIF family; nucleosome
control, ie. HMG family). About the 612 G3-downregulated
genes, the main pathways affected are apoptosis (i.e. BCL2,
CASP9), cell cycle control (i.e. CDKNI1C, CREBL2, DUSPI1,...),
transcription regulation (i.e. CTDSP1, CTDSPL, DDX17,...), cell
adhesion (1.e.ADAMI12, ATP7A, CDI134, CD302), but also
remodeling of cytoskeleton (1.e.KIF13B, LIMAIl, LAMAZ2,
LAMB2, LAMCI...) and external matrix (i.e. collagen compo-
nents as COL14A1, COL16AL,...).

The gene expression analysis of G1 vs G2 BC samples allowed
identification of 40 de-regulated genes (40 probes). Among these,
36 (36 probes) were found to be up-regulated in G2 BC and 4 (4
probes) were found to be down-regulated in G2 BC.

The gene expression analysis of G2 vs G3 BC samples allowed
identification of 160 de-regulated genes (171 probes). Among
these, 127 (138 probes) were found to be up-regulated in G3 BC
and 33 (33 probes) were found to be down-regulated in G3 BC.

From the comparison of de-regulated genes obtained from Gl
vs G2 SAM analysis and from G2 vs G3 SAM analysis with de-
regulated genes obtained from G1 vs G3 SAM analysis, we found:

— between Gl vs G2 and Gl vs G3 no gene specifically
associated with G2 BC. All 4 down-regulated genes in G2 (G1
vs G2) were found common to 4/612 up-regulated genes in G1
patients (G1 vs G3). Similarly, all 36 up-regulated genes in G2
(G1 vs G2) were found common to 36/578 down-regulated
genes in G1 BC patients (G1 vs G3).

between G2 vs G3 and G1 vs G3 few genes associated with G2
BC. 124/127 (98%) down-regulated genes in G2 (G2 vs G3)
are common to 124/578 down-regulated genes in G1 BC
patients (G1 vs G3). 32/33 (97%) up-regulated genes in G2 (G2
vs G3) are common to 32/612 up-regulated genes in G1 BC
patients (G1 vs G3).

Our results show that G2 BC is most likely a mixture of G1 and
G3 BC that have been somehow misclassified, as previously
reported [14-15].

Copy number alteration analysis

Copy number gains were frequently observed within chromo-
somes 1q, 8q, 17q, and 20; copy number losses were frequently
observed within chromosomes 13q, 1p, and 3. Our findings were
consistent with results of previous cytogenetic studies [28][94].

Fig. 4 shows an example of CNA detected in a Genome Wide
5.0 picture generated with CNAG, where chromosome 1 shows
one large amplification in 1q.

The average number of deleted regions was 29 in G1 patients
and 39 in G3 patients. The average number of amplified regions
was 97 in G1 patients and 179 in G3 patients.

The average number of deleted genes was 645 in G1 patients
and 266 in G3 patients. The average number of amplified genes
was 573 in G1 patients and 331 in G3.

Table 6. Classification performances (MRNA and miRNA): accuracy, TRAINING on G1*-G3*, TESTING on G1-G3.

ACCURACY
1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA
FK 17G1*vs17G3* 79.41% 76.47% 76.47%
Gse11121 25G1*vs25G3* 89.65% 87.93% 84.48%
GSE2990 22G1*vs22G3* 87.5% 85.71% 91.07%
GSE7390 17G1*vs17G3* 85% 91.66% 85%
GSE22216 37G1*vs37G3* 82.85%
Mean (over datasets) 85.39%+/—4.41" 85.44%+/—6.46" 84.25%+/—5.99" 82.85%

'standard deviation.
doi:10.1371/journal.pone.0097681.t006
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Table 7. Classification performances (MRNA and miRNA): sensitivity, TRAINING on G1*-G3*, TESTING on G1-G3.

SENSITIVITY
1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA

FK 17G1*vs17G3* 76.74% 82.35% 70.58%

Gse11121 25G1*vs25G3* 89.65% 86.2% 82.75%

GSE2990 22G1*vs22G3* 85.71% 82.14% 89.28%

GSE7390 17G1*vs17G3* 90% 100% 93.33%

GSE22216 37G1%vs37G3* 88.88%

Mean (over datasets) 85.52%+/—6.21" 87.67%+/—8.42" 83.98%+/—9.94" 88.88%

'standard deviation.
doi:10.1371/journal.pone.0097681.t007

miRNA analysis
miRNA analysis of G1 vs G3 BC samples allowed to identify 26
up-miRNAs and 53 down-miRNAs.

miRNA-regulated mRNAs
mRNA targets of each miRNA were identified in the differential
expression analysis:

The average number of target genes (total target genes/
miRNAs) were 41 from up-regulated miRNAs and 44 from
down-regulated miRNAs;

Combination of gene expression and genome CNA
Up- and down-regulated genes with CNAs were selected.
Specifically, the following genes were selected:

108 up-regulated genes with copy number gains were found in
G1 BC patients.

— 123 down-regulated genes with copy number losses were found
in G1 BC patients.

— 151 up-regulated genes with copy number gains were found in
G3 BC patients.

— 150 down-regulated genes with copy number losses in G3 BC
patients.

Combination of gene expression, genome CNA, and
miRNA-regulated mRNAs
We identified the following classes:

— 3 down-regulated miRNAs that target up-amplified genes
reported previously in G1 BC patients;

— 8 up-regulated miRNAs that target down-deleted genes
reported previously in G1 BC patients;

— 8 down-regulated miRNAs that target up-amplified genes
reported previously in G3 BC patients.

— 7 up-regulated miRNAs that target down-deleted genes
reported previously in G3 BC patients.

In particular, we found the following genes, as shown in Fig. 5:

13 down-regulated genes, with copy number losses, that are
targets of up-regulated miRNAs in patients with G3 BC (Class
1)

— 5 up-regulated genes, with copy number gains, that are targets
of down-regulated miRNAs in patients with G1 BC (Class 2)

— 21 up-regulated genes, with copy number gains, that are targets
of down-regulated miRNAs in patients with G3 BC (Class 3)

— 13 down-regulated genes, with copy number losses, that are
targets of up-regulated miRNAs in patients with G1 BC (Class
4

Evaluation of G1 and G3 classification

For each combined approach (I: gene expression, II: combina-
tion of gene expression, and genome CNA, III: combination of
gene expression - genome CNA, and miRNA analysis, IV:
miRNAs), the results of G1 vs G3 BC classification are presented
in Tables 1-4 for accuracy, sensitivity, specificity and AUC,
respectively.

Table 8. Classification performances (MRNA and miRNA): specificity, TRAINING on G1*-G3*, TESTING on G1-G3.

SPECIFICITY
1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA
FK 17G1*vs17G3* 82.35% 70.58% 82.35%
Gse11121 25G1*vs25G3* 89.65% 89.65% 86.20%
GSE2990 22G1*vs22G3* 89.28% 89.28% 92.85%
GSE7390 17G1*vs17G3* 80% 83.33% 76.66%
GSE22216 37G1*vs37G3* 73.80%
Mean (over datasets) 85.32%+/—4.88" 83.21%+/—8.9" 84.51%+/—6.79" 73.80%

'standard deviation.
doi:10.1371/journal.pone.0097681.t008
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Table 9. Classification performance (mMRNA and miRNA): AUC, TRAINING on G1*-G3P, TESTING on G1-G3.

AUC
1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA

FK 17G1*vs17G3* 0.88 0.87 0.88

Gse11121 25G1*vs25G3* 0.95 0.95 0.94

GSE2990 22G1*vs22G3* 0.95 0.95 0.95

GSE7390 17G1*vs17G3* 0.94 0.93 0.89

GSE22216 37G1%vs37G3* 0.87

Mean (over datasets) 0.93+/—0.03" 0.92+/—0.03" 0.91+/—0.03" 0.87

'standard deviation.
doi:10.1371/journal.pone.0097681.t009

Although the combination strategy allowed to reduce the
number of genes from 1390 to 42, all mRINA signatures derived by
the three approaches (I, II, III) achieved good and similar mean
performance. The combination of gene expression, genome CNA,
and miRNA-regulated mRNAs (III) slightly improved mean
accuracy and sensitivity with respect to I and II approaches,
achieving mean values >90% (mean accuracy: 90.54% vs 88.95%
and 88.75%, mean specificity: 91.25% vs 85.41% and 82.91%;).
Mean sensitivity was slightly worsen, however >90% (90.41% vs
92.91% and 92.08%).

AUC results (Table 4) showed the good and similar perfor-
mances of the classifier when all the proposed approach I, II, III
were applied.

The combination strategies allowed to identify 17 miRNA
representing an epigenetic signature able to achieve good
performance in G1 vs G3 classification (>80% for all indexes),
although lower than the mRNA-based approaches (I, II, III).

Table 5 shows the computational times required by the
classification algorithm for the different proposed approaches
(Computer processor: Intel Core 15-3330S CPU @ 2.70 GHz),
showing the improvement in the computation performances with
the biomarker number reduction.

Evaluation of G2 classification
For each combined approach (I: gene expression, II: combina-

tion of gene expression, and genome CNA, III: combination of

gene expression - genome CNA, and miRNA analysis, IV:
miRNA), the results of G1 vs G3 BC classification patients starting
from the re-classified G2 BC patients (in G1* and G3%*), are
presented in Tables 6-9 for accuracy, sensitivity, specificity and
AUC, respectively.

All indexes showed good and similar mean performance of the
classifier when the proposed approach I, II, III were applied.
Coonsistently with our previous results (see Section “Evaluation of
combination approach”), method IV (miRNA) achieved good
performance for all indexes, although lower than the three
mRNA-based approaches (I, II, III).

Table 10 shows computational time of classification algorithm
for the different proposed approaches (Computer processor: Intel
Core 15-3330S CPU @ 2.70GHz), confirming the improvement in
the computation performances with the biomarker number
reduction.

Figure 6 shows heat maps of classification performances for
each combined approach (LILIILIV) for cross- validation and
training on G1*-G3*, testing on G1-G3 (TT).

Figure 7 shows bar chart for the computational time required by
the classification algorithm for the different proposed approaches
(LILIILIV) with cross-validation. Figure 8 shows bar chart for the
computational time required by the classification algorithm for the
different proposed approaches (LILIILIV) with training on G1*-
G3*, testing on G1-G3 (T'T).

The results on the evaluation of the combination approaches
confirm the high potential of our method based on the combined
effect of epigenetic and genetic changes resulting in deregulated
gene expression and function in selecting genetic and epigenetic
signatures suitable for BC grade classification, also for histological
G2 BC re-classification in G1-like and G3-like BC tumors.

Our genetic (42-genes from approach III) and epigenetic
signatures (17 miRNA from method IV) were able to correctly
re-classify misclassified G2 BC tumors with no drop in
performances with respect to signatures of genes identify by single
differential gene expression analysis.

Table 10. Classification performances: computational time (second) Mean per sample (execution time/number of samples).

EXECUTION TIME

1 1390 genes Il 532 genes Il 42 genes IV 17 miRNA
FK 17G1*vs17G3* 37.35 6.08 4.6
Gse11121 25G1*vs25G3* 47.42 9.08 6.97
GSE2990 22G1*vs22G3* 49.03 11.27 6.91
GSE7390 17G1*vs17G3* 50.08 12.10 73
GSE22216 37G1*vs37G3* 4.8
Intel Core i5-3330S CPU @ 2.70 GHz TRAINING-TEST.
doi:10.1371/journal.pone.0097681.t010
PLOS ONE | www.plosone.org 10 May 2014 | Volume 9 | Issue 5 | e97681
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Il: combination of gene expression, and genome CNA,
Ill: combination of gene expression, genome CNA, and miRNA analysis,
IV: miRNA (from miRNA-regultated mRNA).
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Figure 6. Heat maps of classification performances for each combined approach. I: gene expression, Il: combination of gene expression,
and genome CNA, lll: combination of gene expression, genome CNA, and miRNA analysis, IV: miRNA (from miRNA-regultated mRNA). Classification

performances were showed for: cross-validation (CV), and training on G1*-G3* - testing on G1-G3 (TT).

doi:10.1371/journal.pone.0097681.g006
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Figure 7. Bar chart for the time benchmark. The computational
times required by the classification algorithm for the different proposed
approaches with cross-validation (CV) were showed. (I: gene expression,
Il: combination of gene expression, and genome CNA, lll: combination
of gene expression - genome CNA, and miRNA analysis IV: miRNA
classification)

doi:10.1371/journal.pone.0097681.g007
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Evaluation of our gene signatures in comparison with
other gene signatures

Based on the comparison with Sotiriou et al. 97-gene signature,
Ivshina et al. 18-gene signature and Ivshina et al. 6-gene signature,
a down-sized gene signature (V approach) was obtained from our
42-gene signature, including only genes in common with the above
considered gene signatures. A 4-based gene signature consisting of

FOXMI, KPNA4, H2AFV and DDX19A was found. All the four
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Figure 8. Bar chart for the time benchmark. The computational
times required by the classification algorithm for the different proposed
approaches with training on G1*-G3¥*, testing on G1-G3 (TT) were
showed. (I: gene expression, Il: combination of gene expression, and
genome CNA, Ill: combination of gene expression - genome CNA, and
miRNA analysis IV: miRNA classification)

doi:10.1371/journal.pone.0097681.9g008
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Table 11. G1 vs G3 classification performances (mRNA): accuracy, cross-validation.

ACCURACY
11l 42 genes V 4 genes Sotiriou et al. 97 genes lIvshina et al. 18 genes  lvshina et al. 6 genes

GSE7390 30G1vs30G3 90.00% [Cl 95%] 88.33% [Cl 95%)] 88.33% [Cl 95%] 90.00% [Cl 95%)] 88.33% [Cl 95%)]
87.20-92.79 85.63-91.02 85.03-91.62 87.2-92.79 85.63-91.02

Stockholm 28G1vs28G3 90.00%I[Cl 95%)] 90.00% [Cl 95%)] 90.00% [Cl 95%] 91.33% [Cl 95%)] 88.00% [Cl 95%]
86.50-93.49 86.50-93.49 87.10-92.89 88.32-94.33 84.03-91.96

Mean (over datasets) 90%+/—0' 89.16%+/—1.18" 89.16%+/—1.18" 90.66%+/—0.94" 88.16%+/—0.23"

'standard deviation.
doi:10.1371/journal.pone.0097681.t011

genes were included in the Sotiriou et al. 97-gene signature, while
only FOXMI1 was comprised within the Ivshina et al. 18-gene
signature. No genes were shared with the Ivshina et al. 6-gene
signature.

Evaluation of G1 and G3 classification

For each considered gene signature (our 42-gene signature, our
4-gene signature, Sotiriou et al. 97-gene signature, Ivshina et al.
18-gene signature and Ivshina et al. 6-gene signature, the results of
Gl vs G3 BC classification are presented in Tables 11-14 for
accuracy, sensitivity, specificity and AUC, respectively.

All signatures achieved good and similar mean performances.
Slightly worsen mean sensitivity (81.66%) was found for the
Ivshina et al. 6-gene signature but it outperformed in specificity.
Similarly, slightly worsen mean specificity (85.00%) was found for
our 42-gene signature but it outperformed in sensitivity.

Evaluation of G2 classification

Accuracy, sensitivity, specificity and AUC, relative to the
performance of the classifier for G1 vs G3 classification of BC
patients employing the re-classified G2 patients (in G1* and G3%*),
for the above mentioned gene signatures are presented in
Tables 15-18.

All signatures achieved good and similar mean performances.
Slightly worsen mean performance was found for our 42-gene
signature. Best performance is achieved by the Ivshina et al. 18-
gene signature (3 over 4 indexes). The Ivshina et al. 6-gene
signature and our 4-gene signatures have very similar perfor-
mance.

Figure 9 shows heat maps for evaluation of our gene signatures
in comparison with other gene signatures (III, V,Sotiriou et al. 97-
gene signature, Ivshina et al. 18-gene signature and Ivshina et al.
6-gene signature).

Results of Log-Rank tests for the comparison between G1*and
G3* Gl and G1*, G3 and G3* as classified by means of the
abovementioned gene signatures, are shown in Table 19, 20, 21,
respectively.

Results of HR [C.I. 95%] for the comparison between G1*and
G3* Gl and G1* G3 and G3* are shown in Table 22, 23, 24,
respectively.

Relapse-free survival curves of G1* vs. G3* patients, as re-
classified from histological G2 by the use of our 42-gene signatures
and 4-gene signatures, are shown as representative examples, in
figure 10 for GSE7390 (a-b) and Stockholm (c-d) datasets,
respectively.

GSE7390 patients re-classified as G1* showed significantly less
risk of recurrence than those re-classified in G3* using both our
42-gene and 4-gene signatures (42-gene signature: log-rank test
p=0.033, HR = 2.801 [C.I 95%] 1.048-7.488 p = 0.040; 4-gene
signature: log-rank test p=0.000321, HR =6.208 [C.I 95%]
2.021-19.08 p=0.00143).

No significant difference was observed between the G1* and G1
(42-gene signature: log-rank test p=0.652, HR =1.390 [C.I 95%]
0.330-5.855 p=0.653; 4-gene signature: log-rank test p=0.773,
HR =1.245 [C.I 95%] 0.278-5.570 p=0.774) and G3* and G3
(42-gene signature: log-rank test p = 0.308, HR =0.654 [C.I 95%)]
0.287-1.489 p=0.312; 4-gene signature log-rank test: p=0.963,
HR =1.018 [C.I95%] 0.472-2.1954 p=10.963).

Similarly, Stockholm patients re-classified as G1* showed
significantly less risk of recurrence than those re-classified in G3*
using both our 42-gene and 4-gene signatures (42-gene signature:
log-rank test p=0.0331, HR =4.63 [C.I 95%] 0.982-21.84
p = 0.05; 4-gene signature: log-rank test p=0.00316, 11.669 [C.I
95%] 1.475-92.31 p=0.0199).

No significant difference was observed between the G1* and G1
(42-gene signature: log-rank test p = 0.538, HR =1.833 [C.I 95%)]
0.257-13.04 p=0.538; 4-gene signature: log-rank test p=0.784,

Table 12. G1 vs. G3 classification performances (mRNA): sensitivity, cross-validation.

V 4 genes

Sotiriou et al.
97 genes

Ivshina et al.
18 genes

Ivshina et al.
6 genes

SENSITIVITY
1l 42 genes
GSE7390 30G1vs30G3 100% [CI 95%]
100-100
Stockholm 28G1vs28G3  90.00% [Cl 95%]
85.99-94.00

Mean (over datasets) 95%-+/—7-07"

90.00% [Cl 95%]
86.13-93.86

90.83% [Cl 95%]
87.11-94.54

90.41%+/—0.58"

93.33% [Cl 95%]
89.95-96.7

87.50% [Cl 95%]
83.44-91.55

90.414/—4.12"

93.33% [Cl 95%]
89.95-96.7

94.17% [Cl 95%]
91.07-97.26

93.75%-+/—0.59"

83.33% [Cl 95%]
79.11-87.54

80.00% [Cl 95%]
73.29-86.70

81.66%-+/—2.35"

'standard deviation.
doi:10.1371/journal.pone.0097681.t012
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Table 13. G1 vs G3 classification performances (mRNA): specificity, cross-validation.

SPECIFICITY
11l 42 genes V 4 genes
GSE7390 30G1vs30G3 80.00% [Cl 95%] 86.67% [Cl 95%]
74.4-85.59 82.53-90.80
Stockholm 28G1vs28G3 90.00% [Cl 95%] 90.00% [Cl 95%]
84.41-95.58 85.99-94.00

Mean (over datasets) 85%-+/—7.07" 88.33%-+/—2.35"

Sotiriou et al. Ivshina et al. Ivshina et al.
97 genes 18 genes 6 genes
83.33% [Cl 95%] 86.67% [Cl 95%] 93.33% [Cl 95%]
77.67-88.98 82.53-90.80 89.95-96.70
93.33% [Cl 95%] 88.33% [Cl 95%] 96.67% [Cl 95%]
89.83-96.82 83.52-93.13 94.05-99.28

88.33%+/—7.07" 87.5%+/—1.17" 95%-+/—2.26"

Tstandard deviation.
doi:10.1371/journal.pone.0097681.t013

HR =1.397 [C.I195%] 0.126-15.410 p =0.785) and G3* and G3
(42-gene signature: log-rank test p=0.414, HR =1.483 [C.I 95%)]
0.571-3.848 p =0.418; 4-gene signature log-rank test: p=0.373,
HR =0.660 [C.I 95%] 0.261-1.667 p =0.380).

Our 42-gene signature and 4-gene signature were found able to
perform G2 re-classification with similar, in some cases, better,
prognostic value than the other gene signatures. Specifically: 1) our
42-gene signature and 4-gene signature have better performance
than Ivshina et al. signatures (both 18-genes and 6-genes) in the
log-rank test and in the HR test when a statistical threshold of 0.05
is set (see results for Stockholm dataset); 2) our 4-gene signature
has better performance in log-rank test than both Sotiriou et al.
signature and Ivshina et al. signature (both 18-genes and 6-genes)
when a statistical threshold of 0.01 is set (see Stockholm results).

Discussion

In the management of BC, the identification of subgroups of
patients with different prognoses and responses to treatment [72]
[95] is relevant for therapeutic planning. Recently, classification of
BC based on gene expression profiling has been proposed [12]
[96-97]. Furthermore, some authors developed gene expression
signatures which are capable of discerning BC tumors of G1 and
G3 histology, providing a more objective measure of grade with
prognostic benefit for patients with G2 disease [14-15]. However,
these gene signatures have few genes in common notwithstanding
they are derived from similar approaches. Therefore, results
stemming from alternative, different approaches may help in
validating or enriching these signatures.

Few studies have examined classification methods based on a
combination of different genome-wide microarray-based expres-
sion profiling approaches. New models of oncogenomic progres-
sion should examine the combined consequence of epigenetic

(miRNAs) and genetic (CNA) changes as concomitant causation of
tumor heterogeneity. Previous studies have indicated how such
genetic and epigenetic changes can influence gene expression, and
thus tumor evolution [98]. It is less clear how these mechanisms
influence each other and how these cumulative changes co-evolve
and influence gene expression during tumorigenesis [98].

In this paper, we showed that a classification analysis relevant
for disease progression in BC as characterized by grade definition
can be based on different combination approaches under genetic
and epigenetic interaction assumptions (I: gene expression, II:
combination of gene expression and genome CNA, III: combina-
tion of gene expression, genome CNA and miRNA analysis, IV:
miRNAs, as obtained from the combined analysis of gene
expression and genome CNA). Our results showed that integration
of these various genetic data is effective for BC classification of G1
and G3 samples but also of G2 samples, this approach resulted to
ameliorate cancer classification.

Although the purpose of our study is similar to that of previous
investigations based on traditional differential gene expression
analysis [14-15], some novel and incremental aspects need to be
acknowledged:

— Our method to select the gene signatures (based on the
combination approach) has been implemented for the first
time, to our knowledge, for improving grade definition in BC,
in particular for the re-classification of histological G2 BC into
Gl-like and G3-like tumors; this could allow new cross-
validation studies with different methods for the in silico
validation of biomarkers. Furthermore, our proposed method-
ology could be very useful for understanding the interactions
between mRNA, CNA, and miRNA, and further studies
should be conducted to these purposes.

Table 14. G1 vs G3 classification performance (mRNA): AUC, cross-validation.

Sotiriou et al. lvshina et al. Ivshina et al.

AUC
1l 42 genes V 4 genes
GSE7390 30G1vs30G3 0.900 [Cl 95%] 0.900 [CI 95%]
0.86-0.93 0.86-0.93
Stockholm 28G1vs28G3 0.922[CI 95%] 0.911 [CI 95%]
0.88-0.96 0.87-0.94

Mean (over datasets) 0.91+4/—0.01" 0.90+/—0.007"

97 genes 18 genes 6 genes
0.911 [Cl 95%] 0.878 [Cl 95%] 0.922 [Cl 95%]
0.88-0.93 0.83-0.91 0.89-0.95
0.864 [Cl 95%] 0.943 [Cl 95%] 0.894 [Cl 95%]
0.82-0.90 0.91-0.96 0.84-0.93
0.88+/—0.03" 0.91+/—0.04" 0.90+/—0.01"

'standard deviation.
doi:10.1371/journal.pone.0097681.t014
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Table 15. Classification performances (mRNA): accuracy, TRAINING on G1*-G3*, TESTING on G1-G3.

Mean (over datasets) 80.89%+/—5.81" 85.23%+/—4.37"

ACCURACY
Sotiriou et al. Ivshina et al. Ilvshina et al.
11l 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 17G1*vs17G3* 85% 88.33% 83.33% 85% 85%
Stockholm 19G1*vs19G3* 76.78% 82.14% 85.71% 89.28% 87.50%

84.52%-+/—1.68" 87.14%+/—3.02" 86.25%+/—1.76"

'standard deviation.
doi:10.1371/journal.pone.0097681.t015

— Epigenetic signatures able to perform grade classification as
those obtained by method IV have been identified and
validated for the first time to our knowledge: this could open
new investigations on the role of miRNA e.g. circulating in
blood. For instance, recent evidence points to small non-coding
miRNAs as promising biomarkers for the detection of several
human tumors [96], given their strong stability against RNase
digestion. This evidence, added with the fact that miRINAs
detection by quantitative polymerase chain reaction (QPCR) is
sensitive and robust, make miRNAs potentially important tools
for cancer diagnosis. Moreover, plasma miRNAs are poten-
tially able to monitor asymptomatic high-risk individuals, in
order to detect early stage BC and discriminate between benign
and malignant disease (see [66] for a review). Moreover, the
translation of miRNAs signature into clinical assays seems to be
more feasible and less expensive: for instance, the application of
this miRNA profile screening on small specimens, as fine
needle aspiration, core biopsy material, or small aliquots of
blood, seems to be more suitable and a viable cost-effective
alternative to more expensive commercial products for the
immunohistochemichal profile techniques usually applied to a
standard pathology block.

A 42-gene signature and a 4-gene signature have been
developed, the latter obtained through a meta-analytical
approach: these gene signatures resulted to perform grade
classification and G2 re-classification with performances similar
to other gene signatures previously published and with similar
or even better prognostic value in some cases.

The number of genes in the downsized gene signature (4 gene)
is significantly lower than published signatures facilitating the
implementation of a clinic assay (Sotiriou et al. 97-gene
signature, Mammaprint 70-gene signature [12], Oncotype 21-
gene signature [13], Ivshina et al. 18-gene signature, Ivshina et
al. 6-gene signature). The 42- gene signature has instead a

number of genes, which allow experimental validation in
laboratory with limited costs. Similar considerations are valid
for the 4 miRNA (derived from the 4-gene signature) and the
17 miRNA (derived from the 42-gene signature).

Our classification algorithm was build on 42 genes. These were
obtained by the above described combination approach. Other
classification methods have been proposed and used, based on a
limited number of genes, obtained by different approaches. In
Sotiriou et al. the standardized mean difference of Hedges and
Olkin [99] was used to rank genes by their differential expression.
They used the max T algorithm of Westfall and Young [100] to
correct for multiple testing with an extension proposed by Korn et
al. [101] to control the number of false discoveries, taking into
account the dependencies between genes. This strategies allowed
them to obtain 97 genes. Ivshina et al. ran the PAM algorithm
[102] with all probe sets as input, and acquired a minimal set of
probe sets which gave: 1) the lowest misclassification (error) rate,
and 2) a secondary minimum on the error curve. This strategy
allowed them to obtain 18 and 6 genes, respectively. As shown in
our results (table 11-18) all classification methods achieved very
good results. However, as reported in several studies [103-105],
SVM and predictive methods have some limitations, since they
could lead to too optimistic statement. Meyer et al. [103]
compared SVM to several other classification and regression
methods, by means of standard performance measures. This
comparison showed that all predictive methods have good
performances, and SVM did not demonstrate its overall superi-
ority. Parikesit et al. [104] and Smith et al. [105] assessed different
predictive methods applied to gene annotations, and reported that
predictions should be chosen carefully in order to avoid
introducing biases.

Although validation is necessary in independent wet lab
experiments, the new genomic features identified in our work

Table 16. Classification performances (mRNA): sensitivity, TRAINING on G1*-G3*, TESTING on G1-G3.

SENSITIVITY
1l 42 genes V 4 genes Sotiriou et al. 97 genes lvshina et al. 18 genes Ivshina et al. 6 genes
GSE7390 93.33% 96.66% 90% 93.33% 90%
17G1*vs17G3*
Stockholm 75% 75% 82.14% 89.28% 82.14%
19G1*vs19G3*
Mean (over 84.16%+/—12.96" 85.83%+/—15.31" 86.07%+/—5.55" 91.30%+/—2.86" 86.07%+/—5.55"
datasets)

'standard deviation.
doi:10.1371/journal.pone.0097681.t016
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Table 17. Classification performances (mRNA): specificity, TRAINING on G1*-G3*, TESTING on G1-G3.

Mean (over datasets) 77.61%+/—1.35" 84.64%+/—6.56"

82.97%+/—8.92"

SPECIFICITY
Sotiriou et al. lvshina et al. Ilvshina et al.
Il 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 17G1*vs17G3* 76.66% 80% 76.66% 76.66% 80%
Stockholm 19G1*vs19G3* 78.57% 89.28% 89.28% 89.28% 92.28%

82.97%+/—8.92" 86.14%+/—8.68"

'standard deviation.
doi:10.1371/journal.pone.0097681.t017

shed new light on the biology underlying histological grade in
breast cancer, as evidenced in the following section.

Phase I: Genome profile analysis of G1 vs G3 genetic
profile

In our study, we found that BC of histologic G1 and G3 exhibits
a distinct expression profile with altered expression of 1190 genes
(578 up and 612 down) involved in cell proliferation, in particular
in cell cycle control and mitosis, and in DNA repair and stability.
Many of our up-regulated G3 genes overlap with those found by
Sotiriou et al. [14], (75 over 80, 82.5%) and with those found by
Ivshina A. et al. [15], (10 over 16,62.5%). Among our down-
regulated G3 genes we found 11 over 19 indicated (57.9%) by
Sotirou et al. [14].

Namely, FOXM1, MYBL2 and TPX2 are genes found in our
lists of up-regulated G3 genes as well as in the lists of Sotiriou and
Ivshina, revealing that the increase of these genes, regulating the
DNA transcription and controlling the spindle formation during
mitosis, could be important for the development of G3 tumor.

Phase I: Genome profile analysis of G2

When we compared our G2 genetic profile with G1 and G3
mRNA expression, we found that all G2 altered genes belong to
either G3 up-regulated (G1 downregulated) or to G3 downregu-
lated (Gl wupregulated) classes, confirming previous results
described in Sotirou et al. and by Ivshina A. et al. [14-15].

Phase Il analysis: CNA Integration analysis

The Phase II analysis of CNA revealed that there are specific
areas affected by deletion or amplification in BC G1 and G3. The
affected regions comprise chromosome 3p13, 8q21-24 and 8q22.

The deletion of chromosome 3p13 has been observed frequently
in epithelial cancers of several organs [106] and in prostate cancer
[107]. The 3p13-21 region, in particular, encodes for the Rho-like
GTPase gene ARHGEF3, which, as a guanine nucleotide

exchange factor for Rho family members, could have a role in
oncogenic transformation [108].

The copy number gain of genes in chromosomal region 8q21-
24 has been demonstrated to be associated with genesis and
progression of prostate cancer (PCa) [109] with a significant
amplification of E2F5 and MYC genes, the former being included
among our G3 up/amplified genes.

Moreover, in BC, the amplification of 8q22 region leads to the
over-expression of YWHAZ gene (tyrosine 3-monooxygenase/
tryptophan 5-monooxygenase activation protein, zeta polypep-
tide), a typical feature of BC resistant to anthracycline treatment
[110-111].

Phase Il and IV analysis: miRNA and mRNA target
analysis

The Phase III and IV analysis revealed that there are profiles of
target mRNA (42-genes) and of their miRNAs (17 miRNAs)
showing promising results regarding BC grade definition.

As the used dataset identified by phase III contains differentially
expressed miRNAs between Gl and G3, in order to obtain an
expression profile of the miRNAs that describe each grade, and
eventually identify prognostic genes and miRNAs expression
signatures, we compared the up- and down-regulated miRNAs
and their target mRNA in G1 vs G3. We obtained (phase IV) a set
of miRNAs that were up-regulated in G3 (class 1), and thus down-
regulated in Gl (class 2), as well as a set of miRNAs down-
regulated in G3 (class 3), and thus up-regulated in G1 (class 4).
Detailed analysis of the miRNAs in each class revealed common
miRNAs among classes 1 and 2. The same was observed for
miRNAs of classes 3 and 4. Fig. 5 shows a list of the miRNAs of
each grade identified in our study in relation to the most relevant
putative targets.

Table 18. Classification performance (mRNA): AUC, TRAINING on G1*-G3P, TESTING on G1-G3.

AUC

Sotiriou et al. Ivshina et al. 6

1l 42 genes V 4 genes 97 genes Ivshina et al.18 genes genes
GSE7390 17G1*vs17G3* 0.89 0.92 0.90 0.92 0.93
Stockholm19G1*vs19G3* 0.88 0.86 0.89 0.93 0.89
Mean (over datasets) 0.88+/—0.007" 0.89+/—0.04" 0.89+/—0.007" 0.92+/-0.007" 0.91+/-0.02"

'standard deviation.
doi:10.1371/journal.pone.0097681.t018
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Figure 9. Heat maps for evaluation of our gene signatures in comparison with other gene signatures. lll: combination of gene
expression - genome CNA, and miRNA analysis, V: a down-sized gene signature (4 genes), Sotiriou et al. 97-gene signature, lvshina et al. 18-gene
signature and Ivshina et al. 6-gene signature. Classification performances were showed for: cross-validation (CV), and training on G1*-G3* - testing on

G1-G3 (TT).
doi:10.1371/journal.pone.0097681.g009

miRNA analysis and target identification/description:

class 1 and class 2

Class 1 is characterized by the up-regulation of several miRNAs:
Hsa-miR-532-5p, Hsa-miR-188-5p, Hsa-miR-515-5p, Hsa-miR-362-
op, Hsa-miR-142-3p, Hsa-miR-941, and Hsa-miR-455-5p (Fig. 5).
Although the role of Hsa-miR-532-5p expression in BC remains to
be clarified, it has been shown to be significantly up-regulated in
melanoma lines and metastatic melanoma tumours relative to
normal melanocytes and primary melanomas, respectively [112].
Among its possible targets, we identified EF3, which, being a Rho-
like GTPase, has an important role in many cellular processes
(cytoskeletal rearrangements, transcriptional activation, regulation
of cell morphology and cell aggregation, cytokinesis, endocytosis
and secretion), but also is possibly involved in oncogenic
transformation [113]. This gene is a possible target of Hsa-miR-

Table 19. Log-Rank Test G1*vs G3*.

362-5p, a miRNA of the melanoma signature [114], and Hsa-
miR-515-5p, already involved in BC development [115]. Hsa-
miR-532-5p regulates also interleukin 6 signal transducer (IL6ST),
a signal transducer that could be important for interleukin 6
inflammatory role in BC [116-117]. This gene could be a target
also of Hsa-miR-188-5p, already described in rectal cancer [118].
Hsa-miR-532-5p regulates also stanniocalcin 2 (STC2): it is a
glycoprotein hormone that plays an important role in calcium and
phosphate homeostasis and is considered a tumor progression
predictor for gastric cancer [119] and breast carcinoma [120].
Concerning Hsa-miR-188-5p, it already results to be overex-
pressed in UVB irradiated mouse skin [121], suggesting a potential
role of this miR in response to oxidative stress linked to radiation.
As oxidative stress response is one of the active pathways of tumor
cells (see [122] for a review), thus this miRNA is expected to be up-

LOG-RANK TEST (P-VALUE) G1*vs G3*

11l 42 genes V 4 genes Sotiriou et al. 97 genes Ivshina et al. 18 genes  lvshina et al. 6 genes
GSE7390 17G1*vs17G3* 0.033 0.0003 0.0001 0.002 0.019
Stockholm19G1*vs19G3* 0.033 0.003 0.022 0.452 0.112
doi:10.1371/journal.pone.0097681.t019
PLOS ONE | www.plosone.org 16 May 2014 | Volume 9 | Issue 5 | e97681



Table 20. Log-Rank Test G1*vs GI1.

Improvement in Breast Cancer Grade Definition

LOG-RANK TEST (P-VALUE) G1*vs G1

Sotiriou et al. Ivshina et al. Ivshina et al.
Il 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 17G1*vs17G1 0.652 0.773 0.680 0.609 0.393
Stockholm19G1*vs28G1 0.538 0.784 0.563 0.087 0.237

doi:10.1371/journal.pone.0097681.t020

regulated in G3 tumor samples. Among its possible target genes,
clusterin (CLU) is a pro-proliferative gene and one of the genes
induced by exposure to ionizing radiation (IR) [123], which
usually causes oxidative damage, while neurobeachin (NBEA), a
lysosomal-trafficking regulator, is one of the genes of the common
fragile site regions [124]. Class 1 comprises also Hsa-miR-515-5p,
that is usually down-regulated by estrogen receptor in BC [125].
In our case this miRNA in unexpectedly up-regulated; this may
possibly due to the fact that our database contains both ER+ and
ER- BC samples. Hsa-miR-515-5p regulates a growth factor
signalling transducer, the ring finger protein-like 1 (ZFP36L1),
which has a role in growth control of BC cell line [126]. In class 1
we found also Hsa-miR-142-3p, that, with Hsa-miR-532-5p, is a
circulating miRNA already considered biomarker of colorectal
carcinoma [127]. Two possible targets of this miRNAs are
fibronectin type III domain containing 3A (FNDCS3A), whose
expression controls cell adhesion, migration and proliferation
[128] and myotubularin related protein 9 (MTMY), whose
chromosomal gain is considered a prognostic event in oesophageal
adenocarcinoma [129]. The last gene is also a possible target of
Hsa-miR-941, that is a circulating biomarker of ulcerative colitis
[130]. Hsa-miR-455-5p has already been found to be up-regulated
in different types of tumors, as basal cell carcinoma of the skin
[131], endometrial adenocarcinomas [132], but it also has a
diagnostic value in laryngeal cancer [133] and in hepatocellular
adenoma [134]. Its target tight junction protein 1 (TJP1), being a
protein of the cytoplasmic membrane surface of intracellular tight
junction, could have a role in communication among two cells by
cell-cell junction. A role for TJPIl in controlling epithelial cell
mntegrity in BC cells has been pointed out [135].

It 1s not a coincidence to find in G3 BC several upregulated
miRNAs common to melanoma (Hsa-miR-532-5p, Hsa-miR-362-
5p and Hsa-miR-455-5p), as Axelsen JB et al. [136] reported that
the genes selectively altered in BC majorly overlap with the ones
altered in melanoma.

In contrast, in class 2 we observed the up-regulation of 3
microRNAs, as depicted in Fig. 5. These miRINAs regulate several
genes, two of which could be considered transcription modulators
(aminoadipic semialdehyde synthase, GON4L and zinc finger
protein, FOG family member 2, ZFPM2), and are able to control

Table 21. Log-Rank Test G3*vs G3.

the transformation process of BC cells [137]. The up-regulated
miRs are Hsa-miR-532-5p, already described in BC [138], Hsa-
miR-455-5p and Hsa-miR-515-5p. Hsa-miR-532-5p regulates
lipoma preferred partner (LPP), an indispensable regulator of
migration [139], and the aminoadipate-semialdehyde synthase
(AASS) gene, involved in lysine degradation pathway. No role in
cancer progression for the last gene has been published yet. Hsa-
miR-455-5p has been already correlated with vascular invasion of
endometrial serous adenocarcinomas [132]. The main target of
this miRINA is calcium-dependent secretion activator 2 (CADPS2),
a protein that facilitates the secretion and trafficking of dense-core
vesicles [140], a process necessary for tumoral cell communication.
The last miRNA is Hsa-miR-515-5p; the down-regulation of this
miRNA has been found in ER-positive BC associated with cell
proliferation [141] and controls possibly a zinc-finger proteins that
regulates the expression of GATA-target genes, thus modulating
mammary gland differentiation or involution [137].

microRNA analysis and target identification/description:
class 3 and class 4

Class 3 is characterized by the down-regulation of 8 miRNAs, as
shown in Fig. 5. Hsa-miR-372 is already a potential marker of lung
cancer [142], and regulates an ATPase family member ATAD2, a
translocase of inner mitochondrial membrane 17 (TIMM17A) and
the transcription factor E2F5. ATAD2 is within a commonly
amplified region (8q24) across multiple cancer types [95] and its
expression seems to be a predictor of poor prognosis in BC [143]
and in other tumors, as in prostate cancer [144-145]. TIMMI17A
expression is associated with poor pathological and clinical
outcome of BC [146-147]. E2F)5 is cell cycle-related transcription
factor overexpressed in ER-negative BC, [148] and is also
considered a biomarker of worse clinical outcome [149]. This
gene is also a possible target of Hsa-let-7c. Hsa-let-7c is a member
of a tumor-suppressor microRNA family, often inactivated in
human malignancies, in particular in BC [150-151] and in
prostate cancer [152].

Hsa-miR-320d, already found down-regulated in colon cancer
cells [153], and Hsa-miR-139-5p, regulate genes involved in
proliferation control (antizyme inhibitor 1, AZIN1; forkhead box
M1, FOXMI1; RADSI associated protein 1, RAD51APT) [154—

LOG-RANK TEST (P-VALUE) G3*vs G3

Sotiriou et al. lvshina et al. Ivshina et al.
1l 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 17G3*vs17G3 0.308 0.963 0.679 0.854 0.651
Stockholm 19G3*vs28G3 0.414 0.373 0.322 0.876 0.890

doi:10.1371/journal.pone.0097681.t021

PLOS ONE | www.plosone.org

17

May 2014 | Volume 9 | Issue 5 | 97681



Table 22. Hazard ratio G1*vs G3*.

Improvement in Breast Cancer Grade Definition

HAZARD-RATIO G1*vs G3*

Ivshina et al.
6 genes

lvshina et al.
18 genes

Sotiriou et al.
97 genes

11l 42 genes V 4 genes
GSE7390 2.801 [Cl 95%] 6.208 [Cl 95%]
17G1*vs17G3* 1.048-7.488 2.021-19.080

p-value =0.040 p-value =0.001
Stockholm 4.630 [Cl 95%] 11.669 [Cl 95%]
19G1*vs19G3* 0.982-21.84 1.475-92.310

p-value =0.052 p-value=0.019

8.920 [Cl 95%] 3.872 [Cl 95%] 2.993 [Cl 95%]

2.423-32.840 1.520-9.860 1.144-7.834
p-value =0.0009 p-value =0.004 p-value =0.025
5.135 [Cl 95%)] 1.549 [Cl 95%] 2.299 [Cl 95%)]
1.082-24.370 0.491-4.885 0.797-6.632
p-value =0.03 p-value = 0.455 p-value=0.123

doi:10.1371/journal.pone.0097681.t022

156], and transcription regulation (DNA replication and sister
chromatid cohesion 1, DSCCI1; RAD21 yeast homologue,
RAD21) key processes for G3 development. Loss of Hsa-miR-
139-5p have been reported in different tumor specimens of
esophageal squamous cells [157], clear renal cell carcinoma [158]
and BC samples [159], underscoring its potential role as
biomarker for screening and early detection of these tumors.
Among Hsa-miR-139-5p possible targets we found H2AFV, an
histone family member, and Lysosome Transmembrane Protein 4-
Beta (LAPTM4B), an oncoprotein originally identified in hepato-
cellular carcinomas [160-161], whose over-expression has been
already associated with BC susceptibility and prognosis [162-163].

Hsa-miR-125-5p has been described as a tumor suppressor. Its
down-regulation has been already associated with several types of
cancer, such as BG [164-166], ovarian cancer [167], lung cancer
[168], and medulloblastoma [169]. Moreover, its down-regulation
has been found in the blood of BC patients [170]. Its possible
target is a protein involved in the process of proper folding of
secretory proteins, Sec61 alpha 2 subunit (SEC61A2). The correct
assembly of newly synthesised secreted proteins is a key step for
tumors to invade the surrounding microenvironment.

The last three miRNAs in class 3 are Hsa-miR-567, Hsa-miR-647
and Hsa-miR-328. The first miRNA, already associated with
colorectal cancer [171], regulates polymerase (RNA) II polypep-
tide K (POLR2K), which is involved in the transcription of DNA
into RNA. This enzyme is also over-expressed in hepatocellular
carcinoma [172]. The other three targets are S-phase kinase
protein 2 (Skp2), a pro-proliferative, oncogenic protein overex-
pressed in human BC [173], transmembrane protein 70
(TMEM70), encoded by 8q21 region amplified in BC [174], and
importin alpha 3 (KPNA4), a p53 stability regulator that can
influence its transcription [175]. The second miRNA, Hsa-miR-
647, already described as a possible prostate cancer recurrence
predictor [176], could influence the level of transcription by

Table 23. Hazard ratio G1*vs G1.

modulating the Transcription Elongation Factor B (TCEBI), a
target of Hsa-miR-320d. The last miRNA, Hsa-miR-328,
responsible for the development of drug resistance in BC cell
lines [177], is possibly able to regulate the already described
YWHAZ gene.

Class 4 is characterized by several up-regulated G3 miRNAs.
The possible relation among this microRNAs and cancer has been
already described in class 3, as all of them, except Hsa-miR-627 and
Hsa-miR-581, are down-regulated in G3. Several of these miRNAs
(Hsa-let-7¢, Hsa-miR-372, Hsa-miR-139-p) controls transcription
regulators (ASF1B, already described; DEAD (Asp-Glu-Ala-As)
Box Polypeptide 19A, DDX19A; H2AFV, already described;
Hematological And Neurological Expressed 1 Protein, HN1). For
some of the target genes, as for ASFI1B, a role as a predictor of
poor outcome in BC, when over-expressed, has already been
described [178]; thus this gene is expected to be found potentially
down-regulated in G1 BC. Some miRNAs regulate cell cycle and
proliferation (Hsa-miR-139-5p, and Hsa-miR-320d) by repressing G
protein-coupled receptor 56 (GPR56), whose over-expression plays
an inhibitory role in melanoma progression [179], by controlling
ribosome assembly (Nuclear Import 7 Homolog, NIP7) [180], and
by regulating proliferation, repressing SHC SH2-domain binding
protein 1 (SHCBP1), that is a proliferation controller downstream
of Shc [181]. Two miRNAs (Hsa-miR-372 and Hsa-miR-125a-5p)
regulate protein folding by repressing two chaperones (DNAJA2
and DNAJC9) and SEC61A2, already described as a fundamental
complex for the correct protein folding. Specifically concerning
Hsa-miR-627 and Hsa-miR-581, which are the only miRNAs not in
common between class 3 and 4, it has been proposed for both an
unexpected role of inhibitor of proliferation of colon cancer cells
[182], and hepatocellular carcinoma respectively [183]. Concern-
ing their target, we found an anti-apoptotic factor (tripartite motif
containing 39, TRIM39) [184] and NIP7, already described. For

HAZARD-RATIO G1*vs G1

Sotiriou et al. Ivshina et al. Ivshina et al.

1l 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 1.390 [Cl 95%)] 1.245 [Cl 95%)] 1.370 [Cl 95%] 0.689 [CI 95%] 0.541 [Cl 95%)]
17G1*vs17G1 0.330-5.855 0.278-5.570 0.303-6.178 0.164-2.891 0.129-2.266

p-value =0.653 p-value=0.774 p-value = 0.682 p-value=0.611 p-value =0.400
Stockholm 1.833 [Cl 95%)] 1.397 [Cl 95%)] 0.565 [Cl 95%)] 0.264 [Cl 95%)] 0.393 [Cl 95%]
19G1*vs28G1 0.257-13.04 0.126-15.41 0.079-4.023 0.051-1.363 0.079-1.952

p-value =0.538 p-value =0.785 p-value =0.569 p-value=0.112 p-value =0.254
doi:10.1371/journal.pone.0097681.t023
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Table 24. Hazard ratio G3*vs G3.
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HAZARD-RATIO G3*vs G3

Sotiriou et al.

Ivshina et al. Ivshina et al.

Il 42 genes V 4 genes 97 genes 18 genes 6 genes
GSE7390 0.654 [Cl 95%] 1.018 [Cl 95%] 1.181 [Cl 95%] 1.075 [Cl 95%)] 1.204 [Cl 95%]
17G3*vs17G3 0.287-1.489 0.472-2.195 0.533-2.617 0.494-2.341 0.537-2.698

p-value=0.312 p-value =0.963 p-value =0.680 p-value =0.855 p-value =0.652
Stockholm 1.483 [Cl 95%] 0.660 [Cl 95%)] 0.616 [Cl 95%)] 0.924 [CI 95%] 0.935 [Cl 95%]
19G3*vs28G3 0.571-3.848 0.261-1.667 0.236-1.606 0.344-2.486 0.360-2.427

p-value=0.418 p-value =0.380 p-value =0.322 p-value=0.877 p-value =0.890

doi:10.1371/journal.pone.0097681.t024

these two targets a direct role in BC development has not been
described yet.

The 4-gene signature

The down-sized 4-gene signature identified through our meta-
analysis, consisting of FOXM1, KPNA4, H2AFV and DDX19A,
represents a highly relevant finding for the biology underlying
histological grades in BC, in particular regarding the cell
proliferation, and DNA stability.

The forkhead box (Fox) M1 gene belongs to a superfamily of
evolutionarily conserved transcriptional regulators that are
involved in a wide range of biological processes, as the control
of mammary gland differentiation [185] and cell proliferation
[186], having a fundamental role in both G1/8S phase progression
[186], but also stimulating the expression of several critical genes
of the G2/M phase (cyclin B, Aurora B, CDC25B, CENPA,
Survivin) [187]. Its deregulation has been implicated in cancer
growth, survival, and chemotherapy resistance [186]. For instance,
in normal breast mammary gland, FOXMI1 expression is often
weak and only localized in proliferating cells [188-189], whilst it is

A) GSE7390 42-GENE SIGNATURE

B) GSE7390 4-GENE SIGNATURE

over-expressed in various human malignancies (breast, prostate,
lung, ovary, colon, pancreas, ...) [190]. In BC the levels of
FOXMI correlate positively with the tumor grade [191] and with
poor prognosis [189][192]. A recent publication [193] suggests
that FOXM1 promotes cancer invasion and metastasis via TGF-
beta/SMAD3 pathway activation, but it is also able to induce
EMT-like changes in hepatocellular carcinoma for a review see
[194], demonstrating a clear role of this gene in G3 hystologic
phenotype.

The other 3 genes of our 4-gene signature are different isoforms
of genes found also in Sotiriou signature [14]: KPNA4
(karyopherin alpha 4 or importin alpha 3), H2AFV (H2A histone
family, member V) and DDX19A (DEAD box polypeptide 19A).

KPNA4 belongs to the family of importins or karyopherins,
which are responsible for the translocation of the cargo protein
across the nuclear membrane. Several onco-proteins, such as
BRCAT1 (BC susceptibility gene 1), need to translocate across the
nuclear membrane to reach the correct localization for their
oncogenic function. One of the possible KNPA4 target is STAT3
protein, whose aberrant activation and translocation into the
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Figure 10. Relapse-free survival analysis for GSE7390 and Stockholm datasets. Kaplan-Meier survival curves for G3* (green) and G1* (red)
superimposed on survival curves of histologic G1 (black line) and histologic G3 (dotted line) A) GSE7390 42-gene signature; B) GSE7390 4-gene

signature; C) Stockholm 42-gene signature; D) Stockholm 4-gene signature.

doi:10.1371/journal.pone.0097681.9g010
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nucleus promotes initiation and progression of human cancers by
either inhibiting apoptosis or inducing cell proliferation, angio-
genesis, invasion, and metastasis [195]. This i1s probably the reason
why G3 BC samples over-expressed KPNA4. Moreover, another
member of the importins family, KPNA2, is uniformly up-
regulated across cancer types and proposed as poor prognostic
cancer marker [196]. KPNAZ2 has been found also by Sotirou et al.

H2AFV is one variant of the histonic component of the
nucleosome. Its function is mainly to control the compactness of
the chromatin and to recruit the transcriptional machinery for
gene activation, thus regulating DNA transcription, replication
and chromosomal stability. One of the histone isotypes, H2Ac, is
already involved in estrogen receptor-positive clinical breast
cancer tissues, where it regulates ER-target genes [197]. Another
variant, H2A.Z, reported in several types of cancers, is causally
linked to genomic instability and tumorigenesis [198]; it has been
assoclated with lymph node metastasis and decreased BC survival
[199]. It is not unexpected to find H2AFV in the class of up/
amplified G3 genes.

The last 4-gene signature BC marker, DDX19A, is an ATP-
dependent RNA helicase involved in mRNA export from the
nucleus and in remodeling of ribonucleoprotein particles. In
eukaryotic cells, gene expression is intimately tied to nuclear
export of properly transcribed, processed, and assembled messen-
ger ribonucleoprotein complexes (mRNPs). Post-transcriptional
control of gene silencing by miRNAs is a ribonucleoprotein-driven
process, which involves specific RNA binding proteins, miRNAs
and their mRNA targets. This multi-component RNA-induced
silencing complex (mMiRNA-RISC) regulates the stability and
translation of mRNAs that are partially or fully complementary
to specific miRINAs. It is possible that DDX19A has a role in the
unwinding of microRNAs duplex during the miRNA maturation
process, as the DEAD-protein, ATP-dependent RNA helicase p68
has a role in let-7 microRNA pathway maturation [198], in cancer
cell proliferation and metastasis [200-201].

miRNAs associated with the 4-gene signature

The analysis of the miRNA profile associated to our 4-gene
signature allowed us to identify 4 miRNAs, that have the 4 genes
of the signature as potential targets.

The miRNA able to control FOXM1 is Hsa-miR-320d, that has
been already found down-regulated in colon cancer stem cells
[153]: for instance, cancer stem cells isolated from the hepatocel-
lular HT29 cell line showed down-regulation of Hsa-miR-320d,
and it has been suggested that the down-regulation of this miRNNA
is important for carcinogenesis [153], while its expression is
assoclated with the probability of recurrence-free survival in stage
II colon cancer patients [202]. This miRNA is particularly
significant because it has been already found in serum as a
potential biomarker for detecting acute myeloid leukemia [203],
making it an ideal, potential, circulating BC marker.

We have introduced in this paper the potential role of Hsa-miR-
139-5p in the regulation of genes involved in proliferation control.
Loss of Hsa-miR-139-5p has been reported in different tumor
specimens of esophageal squamous cells [157], clear renal cell
carcinoma [158] and BC samples [159], highlighting its potential
role as a biomarker for screening and early detection of these
tumors. Among Hsa-miR-139-5p possible targets, we found
H2AFV, a histone family member, which is supposed to be
upregulated in G3 and downregulated in G1. The dicotomic role
of this miRNA has been already described in esophageal
squamous cell carcinoma (ESCC) [204] [157], where reduced
levels of this miRNA are associated with lymph node metastases,
while its expression is found in adjacent non-cancerous tissue from
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ESCC patients, miming the G3 vs G1 situation. Moreover, Hsa-
miR-139-5p expression seems to induce cell cycle arrest in GO/ G1
phase and to suppress the invasive capability of the cells, and in
MCEF7 breast cancer cell line it has been proposed as a regulator of
metastatic process [205]. Hsa-miR-139-5p has been found in
circulating exosome of lung cancer patients plasma [68], making
this miRNA another new possible biomarker for BC diagnostic
application.

The gene importin alpha 3 (KPNA4), a p53 stability regulator
that can influence its transcription [175], is one of the target of
Hsa-miR-567. This miRNA is one of the colorectal cancer miRNA
encoded by regions subjected to microsatellite sequence instability
[171]. The role of this miRNA in BC development still needs to be
unravelled.

DEAD (Asp-Glu-Ala-As) Box Polypeptide 19A (DDXI19A)
transcription factor is controlled by Hsa-let-7c. Hsa-let-7c¢ is a
member of a tumor-suppressor 10-microRNAs family [206],
related often to human malignancies, in particular BC [150-151]
and prostate cancer [152]. The let-7 miRNAs have been shown to
regulate multiple oncogenes such as HMGAZ2, c-Myc, RAS, and
cyclinD1 [207-210]. Although in lung cancer [211-212] let-7¢ has
been found as a tumor suppressor, from our analysis it resulted to
be upregulated in G3 BC samples. This behaviour seems to
resemble the one identified for prostate cancer, where the over-
expression of Let-7c may be involved in the metastatic process,
given that it is significantly associated to high grade prostate
carcinoma [213].

Conclusion

A combination of genetic and epigenetic changes has been
shown to contribute to development of human cancer resulting in
deregulation of gene expression and function. Genetic changes
result in widespread deregulation of gene expression profiles and
the disruption of signaling networks that control normal cell
proliferation and functions. In addition to changes in DNA and
chromosomes, oncogenic processes can be profoundly influenced
by epigenetic mechanisms. While there has been considerable
progress in understanding the influence of genetic and epigenetic
mechanisms in tumorigenesis, few studies have examined the
consequences of the interplay between these two processes. Before
implementing integration methodologies, the interactions between
mRNA, CNA, and microRNA should be investigated.

In this study, we integrated for the first time the analysis of
mRNA expression, CNA, and miRNA expression for the
definition and selection of limited genomic and epigenomic
signatures useful for improving grade classification in human
BC. From mRNA expression results, we found, consistently with
previous published results, that grade 2 BC is most likely a mixture
of misclassified grade 1 and grade 3, given that it can be accounted
for by the gene signature of either grade 1 or grade 3. The
combination of mRNA profile analysis and copy number data
with microRNA expression levels led to identification of two gene
signatures of 42 and 4 altered genes (FOXMI1, KPNA4, H2AFV
and DDX19A) respectively, the latter obtained as a result of a
meta-analysis including previous relevant studies. The 42-based
gene signature identifies 4 classes of up- or down-regulated
microRNAs (17 microRNAs) their 17 target mRNA, while the 4-
based genes signature identified 4 microRNAs (Hsa-miR-320d,
Hsa-miR-139-5p, Hsa-miR-567 and let-7c).

Our identified mRNAs and microRNAs were validated as a
classifier for BC grade and relatively to prognostic factors, and
their limited number could potentially facilitate the implementa-
tion of assays for laboratory validation.

May 2014 | Volume 9 | Issue 5 | 97681



Author Contributions

Conceived and designed the experiments: CC IC GM MCG. Performed
the experiments: CC GB. Analyzed the data: GB CC MR PADR.

References

1.

(&)

©

20.

24.

Polyak K (2011) Heterogeneity in breast cancer. The Journal of clinical
investigation. 121(10): 3786.

. Perou C M, Sorlie T, Eisen M B, van de Rijn M, Jeffrey S S, et al. (2000)

Molecular portraits of human breast tumours. Nature 406(6797): 747-752.

. Hayes D F, Isaacs C, Stearns V (2001) Prognostic factors in breast cancer:

current and new predictors of metastasis. Journal of mammary gland biology
and neoplasia 6(4): 375-392.

. Ravdin P M, Siminoff L A, Davis G J, Mercer M B, Hewlett J, et al. (2001)

Computer program to assist in making decisions about adjuvant therapy for
women with early breast cancer. Journal of Clinical Oncology 19(4): 980-991.

. Carlson R W, Anderson B O, Burstein H J, Carter W B, Edge S B, et al. (2007)

Invasive breast cancer. Journal of the National Comprehensive Cancer
Network: JNCCN 5(3): 246.

. Rakha E A, El-Sayed M E, Menon S, Green A R, Lee A H, et al. (2008)

Histologic grading is an independent prognostic factor in invasive lobular
carcinoma of the breast. Breast cancer research and treatment 111(1): 121-127.

. Rakha E A, Reis-Filho J S, Bachner F, Dabbs D J, Decker T, et al. (2010)

Breast cancer prognostic classification in the molecular era: the role of
histological grade. Breast Cancer Res 12(4): 207.

. Singletary S E, Allred C, Ashley P, Bassett L W, Berry D, et al. (2002) Revision

of the American Joint Committee on Cancer staging system for breast cancer.

Journal of Clinical Oncology, 20(17): 3628-3636.

. Wells W A, Carney P A, Eliassen M S, Tosteson A N, Greenberg E R (1998)

Statewide study of diagnostic agreement in breast pathology. Journal of the
National Cancer Institute 90(2): 142-145.

. Page D L, Dupont W D, Jensen R A, Simpson J F (1998) When and to what

end do pathologists agree? Journal of the National Cancer Institute 90(2): 88—
89.

. Ignatiadis M, Sotiriou C (2011) Genomic Grade Index: An important tool for

assessing breast cancer tumor grade and prognosis. Critical reviews in
oncology/hematology 77(1): 20-29.

. van’t Veer L J, Dai H, Van De Vijver M J, He Y D, Hart A A, et al. (2002)

Gene expression profiling predicts clinical outcome of breast cancer. nature,

415(6871), 530-536.

. Paik S, Shak S, Tang G, Kim C, Baker J, et al. (2004) A multigene assay to

predict recurrence of tamoxifen-treated, node-negative breast cancer. New
England Journal of Medicine 351(27): 2817-2826.

. Sotiriou C, Wirapati P, Loi S, Harris A, Fox S, et al. (2006) Gene expression

profiling in breast cancer: understanding the molecular basis of histologic grade
to improve prognosis. Journal of the National Cancer Institute 98(4): 262-272.

. Ivshina A V, George J, Senko O, Mow B, Putti T C, et al. (2006) Genetic

reclassification of histologic grade delineates new clinical subtypes of breast
cancer. Cancer research 66(21): 10292-10301.

. Yuan E, Haghighi F, White S, Costa R, McMinn J, et al. (2006) A single

nucleotide polymorphism chip-based method for combined genetic and
epigenetic profiling: validation in decitabine therapy and tumor/normal
comparisons. Cancer research 66(7): 3443-3451.

. Juric D, Bredel C, Sikic BI, Bredel M (2007) Integrated high-resolution

genome-wide analysis of gene dosage and gene expression in human brain
tumors. Methods Mol Biol 377: 187-202

. Chi B, deLeeuw RJ, Coe BP, Ng RT, MacAulay C, et al. (2008) MD-SeeGH: a

platform for integrative analysis of multi-dimensional genomic data. BMC
Bioinformatics 9: 243.

. Andrews J, Kennette W, Pilon J, Hodgson A, Tuck A B, et al. (2010) Multi-

platform whole-genome microarray analyses refine the epigenetic signature of
breast cancer metastasis with gene expression and copy number. PLoS One
5(1): €8665.

Debnath R, Kurita T (2010) An evolutionary approach for gene selection and
classification of microarray data based on SVM error-bound theories.

Biosystems, 100(1): 39-46.

. Sadikovic B, Yoshimoto M, Al-Romaih K, Maire G, Zielenska M, et al. (2008)

In vitro analysis of integrated global high-resolution DNA methylation profiling
with genomic imbalance and gene expression in osteosarcoma. PLoS One 3(7):
€2834.

. Balsara B R, Testa J R (2002) Chromosomal imbalances in human lung cancer.

Oncogene 21(45): 6877-6883.

. Schlomm T, Kirstein P, Iwers L, Daniel B, Steuber T, et al. (2007) Clinical

significance of epidermal growth factor receptor protein overexpression and
gene copy number gains in prostate cancer. Clinical Cancer Research 13(22):
6579-6584.

Cheng I, Levin A M, Tai Y C, Plummer S, Chen G K, et al. (2012) Copy
number alterations in prostate tumors and disease aggressiveness. Genes,
Chromosomes and Cancer 51(1): 66-76.

. Johnson C E, Gorringe K L, Thompson E R, Opeskin K, Boyle S E, et al.

(2012) Identification of copy number alterations associated with the progression

PLOS ONE | www.plosone.org

21

Improvement in Breast Cancer Grade Definition

Contributed reagents/materials/analysis tools: CC IZ. Wrote the paper:
GB CC IC.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

of DCIS to invasive ductal carcinoma. Breast cancer research and treatment
133(3): 839-898.

Rennstam K, Ahlstedt-Soini M, Baldetorp B, Bendahl P O, Borg 10\, et al.
(2003) Patterns of chromosomal imbalances defines subgroups of breast cancer
with distinct clinical features and prognosis. A study of 305 tumors by
comparative genomic hybridization. Cancer research 63(24): 8861-8868.
Cava C, Zoppis I, Gariboldi M, Castiglioni I, Mauri G, et al. (2013) Copy
Number Alterations for Tumor Progression Inference. In Artificial Intelligence
in Medicine Springer Berlin Heidelberg. pp. 104-109

Pollack J R, Serlie T, Perou C M, Rees C A, Jeffrey S S, et al. (2002)
Microarray analysis reveals a major direct role of DNA copy number alteration
in the transcriptional program of human breast tumors. Proceedings of the
National Academy of Sciences 99(20): 12963-12968.

Callagy G, Pharoah P, Chin S F, Sangan T, Daigo Y, et al. (2005)
Identification and validation of prognostic markers in breast cancer with the
complementary use of array-CGH and tissue microarrays. J. Pathol 205:
388396.

Chin S F, Teschendorfl A E, Marioni J C, Wang Y, Barbosa-Morais N L, et al.
(2007) High-resolution aCGH and expression profiling identifies a novel
genomic subtype of ER negative breast cancer. Genome Biol 8(10): R215.
Lahti L, Schiafer M, Klein H U, Bicciato S, Dugas M (2013) Cancer gene
prioritization by integrative analysis of mRNA expression and DNA copy
number data: a comparative review. Briefings in bioinformatics 14(1): 27-35.
Hyman E, Kauraniemi P, Hautaniemi S, Wolf M, Mousses S, et al. (2002)
Impact of DNA amplification on gene expression patterns in breast cancer.
Cancer research 62(21): 6240-6245.

Monni O, Barlund M, Mousses S, Kononen J, Sauter G, et al. (2001)
Comprehensive copy number and gene expression profiling of the 17q23
amplicon in human breast cancer. Proceedings of the National Academy of
Sciences 98(10): 5711-5716.

Orsetti B, Nugoli M, Cervera N, Lasorsa L, Chuchana P, et al. (2004) Genomic
and expression profiling of chromosome 17 in breast cancer reveals complex
patterns of alterations and novel candidate genes. Cancer research
64(18):6453-6460.

Orsetti B, Nugoli M, Cervera N, Lasorsa L., Chuchana P, et al. (2006) Genetic
profiling of chromosome 1 in breast cancer: mapping of regions of gains and
losses and identification of candidate genes on lq. British journal of cancer
95(10): 1439-1447.

Bergamaschi A, Kim Y H, Wang P, Serlie T, Hernandez-Boussard T, et al.
(2006) Distinct patterns of DNA copy number alteration are associated with
different clinicopathological features and gene-expression subtypes of breast
cancer. Genes, Chromosomes and Cancer 45(11): 1033-1040.

Chin K, DeVries S, Fridlyand J, Spellman P T, Roydasgupta R, et al. (2006)
Genomic and transcriptional aberrations linked to breast cancer pathophys-
iologies. Cancer cell 10(6): 529-541.

Chin S F, Wang Y, Thorne N P, Teschendorfl’ A E, Pinder S E, et al. (2006)
Using array-comparative genomic hybridization to define molecular portraits
of primary breast cancers. Oncogene 26(13): 1959-1970.

Reid J F, Gariboldi M, Sokolova V, Capobianco P, Lampis A, et al. (2009)
Integrative approach for prioritizing cancer genes in sporadic colon cancer.
Genes, Chromosomes and Cancer 48(11): 953-962.

Fridlyand J, Snijders A M, Ylstra B, Li H, Olshen A, et al (2006) Breast tumor
copy number aberration phenotypes and genomic instability. BMC cancer 6(1):
96.

Andre F, Job B, Dessen P, Tordai A, Michiels S, et al. (2009) Molecular
characterization of breast cancer with high-resolution oligonucleotide compar-
ative genomic hybridization array. Clinical Cancer Research 15(2): 441-451.
Adler A S, Lin M, Horlings H, Nuyten D S, van de Vijver M J, et al. (2006)
Genetic regulators of large-scale transcriptional signatures in cancer. Nature
genetics 38(4): 421-430.

Cava C, Zoppis I, Mauri G, Ripamonti M, Gallivanone F, et al. (2013, July)
Combination of gene expression and genome copy number alteration has a
prognostic value for breast cancer. In Enginecering in Medicine and Biology
Society (EMBC), 2013 35th Annual International Conference of the IEEE pp.
608611

Cava C, Zoppis I, Gariboldi M, Castiglioni I, Mauri G, et al. (2014) Combined
analysis of chromosomal instabilities and gene expression for colon cancer
progression inference. Journal of clinical bioinformatics 4(1): 2.

Wu L, Fan J, Belasco J G (2006). MicroRNAs direct rapid deadenylation of
mRNA. Proceedings of the National Academy of Sciences of the United States
of America 103(11): 4034-4039.

Borel C, Antonarakis S E (2008) Functional genetic variation of human
miRNAs and phenotypic consequences. Mammalian Genome 19(7-8): 503~
509.

Muniategui A, Pey J, Planes I J, Rubio A (2013) Joint analysis of miRNA and
mRNA expression data. Briefings in bioinformatics 14(3): 263-278.

May 2014 | Volume 9 | Issue 5 | 97681



48.

49.

50.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

64.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Lewis B P, Burge C B, Bartel D P (2005). Conserved seed pairing, often flanked
by adenosines, indicates that thousands of human genes are microRNA targets.
Cell 120(1): 15-20.

Kent O A, Mendell J T (2006) A small piece in the cancer puzzle: microRNAs
as tumor suppressors and oncogenes. Oncogene 25(46): 6188-6196.

Stefani G, Slack F J (2008) Small non-coding RNAs in animal development.
Nature Reviews Molecular Cell Biology 9(3): 219-230.

. Bartel D P (2004). MicroRNAs: genomics, biogenesis, mechanism, and

function. Cell 116(2): 281-297.

Ambros V (2004). The functions of animal microRNAs. Nature, 431(7006):
350-355.

LuJ, Getz G, Miska E A, Alvarez-Saavedra E, Lamb J, et al. (2005) MicroRNA
expression profiles classify human cancers. Nature 435(7043): 834-838.
Volinia S, Calin G A, Liu C G, Ambs S, Cimmino A, et al. (2006) A microRNA
expression signature of human solid tumors defines cancer gene targets.
Proceedings of the National Academy of Sciences of the United States of
America 103(7): 2257-2261.

Zhang L, Huang ], Yang N, Greshock J, Megraw M S, et al. (2006)
microRNAs exhibit high frequency genomic alterations in human cancer.
Proceedings of the National Academy of Sciences 103(24): 9136-9141.
Esquela-Kerscher A, Slack F J (2006). Oncomirs—microRNAs with a role in
cancer. Nature Reviews Cancer 6(4): 259-269.

Calin G A, Croce C M (2006). MicroRNA signatures in human cancers.
Nature Reviews Cancer, 6(11): 857-866.

Mitchell P S, Parkin R K, Kroh E M, Fritz B R, Wyman S K, et al. (2008)
Jirculating microRNAs as stable blood-based markers for cancer detection.
Proceedings of the National Academy of Sciences 105(30): 10513-10518.
Lawrie C H, Gal S, Dunlop H M, Pushkaran B, Liggins A P, et al. (2008)
Detection of clevated levels of tumour-associated microRNAs in serum of
patients with diffuse large B-cell lymphoma. British journal of haematology
141(5): 672-675.

Chen X, Ba Y, Ma L, Cai X, Yin Y, et al. (2008) Characterization of
microRNAs in serum: a novel class of biomarkers for diagnosis of cancer and
other diseases Cell research 18(10): 997-1006

Kosaka N, Yoshioka Y, Hagiwara K, Tominaga N, Katsuda T, et al. (2013)
Trash or Treasure: extracellular microRNAs and cell-to-cell communication.
Frontiers in genetics 4:173.

Martins V R, Dias M S, Hainaut P (2013). Tumor-cell-derived microvesicles as
carriers of molecular information in cancer. Current opinion in oncology 25(1):
66-75.

53. Banigan M G, Kao P F, Kozubek J A, Winslow A R, Medina ], et al. (2013)

Differential expression of exosomal microRNAs in prefrontal cortices of
schizophrenia and bipolar disorder patients. PloS one, 8(1): e48814.
Alexandrov P N, Dua P, Hill ] M, Bhattacharjee S, Zhao Y, et al. (2012)
microRNA (miRNA) speciation in Alzheimer’s disease (AD) cerebrospinal fluid
(CSF) and extracellular fluid (ECF). International journal of biochemistry and
molecular biology 3(4): 365.

. Turchinovich A, Weiz L, Langheinz A, Burwinkel B (2011). Characterization

of extracellular circulating microRNA. Nucleic acids research 39(16): 7223—
7233.

Cortez M A, Bueso-Ramos C, Ferdin J, Lopez-Berestein G, Sood A K, et al.
(2011). MicroRNAs in body fluids—the mix of hormones and biomarkers.
Nature reviews Clinical oncology 8(8): 467-477.

Gao F, Chang J, Wang H, Zhang G (2014). Potential diagnostic value of miR-
155 in serum from lung adenocarcinoma patients. Oncology reports 31(1):
351-357.

Cazzoli R, Buttitta F, Di Nicola M, Malatesta S, Marchetti A, et al. (2013).
microRNAs Derived from Circulating Exosomes as Noninvasive Biomarkers
for Screening and Diagnosing Lung Cancer. Journal of thoracic oncology:
official publication of the International Association for the Study of Lung
Cancer 8(9): 1156-1162.

Ayaz L, Goérir A, Yaroglu H Y, Ozcan C, Tamer L (2013). Differential
expression of microRNAs in plasma of patients with laryngeal squamous cell
carcinoma: potential early-detection markers for laryngeal squamous cell
carcinoma. Journal of cancer research and clinical oncology 139(9): 1499—
1506.

Li Y, Liang L, Zhang C'Y (2013). Isothermally Sensitive Detection of Serum
Circulating miRNAs for Lung Cancer Diagnosis. Analytical chemistry 85(23):
11174-11179.

Cuk K, Zucknick M, Madhavan D, Schott S, Golatta M, et al. (2013) Plasma
MicroRNA Panel for Minimally Invasive Detection of Breast Cancer. PloS one,
8(10): €76729.

Eo H S, Heo J Y, Choi Y, Hwang Y, Choi H S (2012). A pathway-based
classification of breast cancer integrating data on differentially expressed genes,
copy number variations and MicroRNA target genes. Molecules and Cells
34(4): 393-398.

Cancer Genome Atlas Network (2012). Comprehensive molecular portraits of
human breast tumours. Nature. 490(7418):61-70

Kristensen V N, Vaske C J, Ursini-Siegel J, Van Loo P, Nordgard S H, et al.
(2012). Integrated molecular profiles of invasive breast tumors and ductal
carcinoma in situ (DCIS) reveal differential vascular and interleukin signaling.
Proceedings of the National Academy of Sciences 109(8): 2802-2807.

PLOS ONE | www.plosone.org

76.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

96.

97.

98.

99.

100.

101.

102.

22

Improvement in Breast Cancer Grade Definition

. Blenkiron C, Goldstein L. D, Thorne N P, Spiteri I, Chin S F, et al. (2007)

MicroRNA expression profiling of human breast cancer identifies new markers
of tumor subtype. Genome Biol 8(10): R214.

Wang Y, Klijn J G, Zhang Y, Sieuwerts A M, Look M P, et al. (2005) Gene-
expression profiles to predict distant metastasis of lymph-node-negative
primary breast cancer. The Lancet 365(9460): 671-679.

. Bevilacqua V, Pannarale P, Abbrescia M, Cava C, Paradiso A, et al. (2012).

Comparison of data-merging methods with SVM attribute selection and
classification in breast cancer gene expression. BMC: bioinformatics, (Suppl 7):
S9.

. Johnson W E, Li C, Rabinovic A (2007). Adjusting batch effects in microarray

expression data using empirical Bayes methods. Biostatistics, 8(1): 118-127.
Tusher V G, Tibshirani R, Chu G (2001). Significance analysis of microarrays
applied to the ionizing radiation response. Proceedings of the National
Academy of Sciences 98(9): 5116-5121.

Affymetrix Netaffxtool. Available: http://www.affymetrix.com/
estore / analysis / index.affx ? category = 34005 & categoryldClicked =
34005&rootCategoryld = 34005&navMode = 34005&ald = netAffxNav
Accessed: 22 Jan 2014.

Nannya Y, Sanada M, Nakazaki K, Hosoya N, Wang L, et al. (2005) A robust
algorithm for copy number detection using high-density oligonucleotide single
nucleotide polymorphism genotyping arrays. Cancer research 65(14): 6071
6079.

Karolchik D, Hinrichs A'S, Furey T S, Roskin K M, Sugnet C W, et al. (2004).
The UCSC Table Browser data retrieval tool. Nucleic acids research (suppl 1):
D493-D496.

Wang X, El Naga I M (2008) Prediction of both conserved and nonconserved
microRNA targets in animals. Bioinformatics 24(3): 325-332.

Wang X (2008) miRDB: a microRNA target prediction and functional
annotation database with a wiki interface. Rna 14(6): 1012-1017.

Mierswa I, Wurst M, Klinkenberg R, Scholz M, Euler T (2006, August) Yale:
Rapid prototyping for complex data mining tasks. In Proceedings of the 12th
ACM SIGKDD international conference on Knowledge discovery and data
mining pp. 935-940

Kumar D, Sarvate A, Singh S, Priya P (2013, April). Virtual screening using
machine learning approach. In Information & Communication Technologies
(ICT), 2013 IEEE Conference on pp. 594-599

Kurubanjerdjit N, Huang C H, Lee Y L, Tsai J J, Ng K L (2013) Prediction of
microRNA-regulated protein interaction pathways in Arabidopsis using
machine learning algorithms. Computers in biology and medicine, 43(11):
1645-1652.

Hsu C W, Chang C C, Lin C J (2003). A practical guide to support vector
classification.

GJ M, Do K A, Ambroise C (2004). Analyzing microarray gene expression
data. Wiley, 14:1080-1087.

Kim J H (2009). Estimating classification error rate: Repeated cross-validation,
repeated hold-out and bootstrap. Computational Statistics & Data Analysis
53(11): 3735-3745.

Pawitan Y, Bjohle J, Amler L, Borg A L, Egyhazi S, et al. (2005) Gene
expression profiling spares early breast cancer patients from adjuvant therapy:
derived and validated in two population-based cohorts. Breast Cancer
Research, 7(6): R953.

Therneau T (2014). A Package for Survival Analysis in S. R package version
2.37-7, Available: http://CRAN.R-project.org/package = survival. Accessed:
22 Jan 2014

Therneau TM, Grambsch PM (2000) Modeling Survival Data: Extending the
Cox Model. Springer, New York. ISBN 0-387-98784-3.

Raeder M B, Birkeland E, Trovik J, Krakstad C, Shehata S, et al. (2013)
Integrated Genomic Analysis of the 8q24 Amplification in Endometrial
Cancers Identifies ATAD2 as Essential to MYC-Dependent Cancers. PloS one
8(2): €54873.

. Horlings H M, Lai C, Nuyten D S, Halfwerk H, Kristel P, et al. (2010)

Integration of DNA copy number alterations and prognostic gene expression
signatures in breast cancer patients. Clinical Cancer Research, 16(2): 651-663.
Hu Z, Fan C, Oh D S, Marron J S, He X, et al. (2006) The molecular portraits
of breast tumors are conserved across microarray platforms. BMC genomics
7(1): 96.

Sorlie T, Tibshirani R, Parker J, Hastie T, Marron J S, et al. (2003) Repeated
observation of breast tumor subtypes in independent gene expression data sets.
Proceedings of the National Academy of Sciences 100(14): 8418-8423.
Sadikovic B, Al-Romaih K, Squire J A, Zielenska M (2008) Cause and
consequences of genetic and epigenetic alterations in human cancer. Current
genomics 9(6): 394.

Hedges L, Olkin I (1985). Statistical methods for meta-analysis. London (UK):
Academic Press.

Westfall PH, Young SS (1993). Resampling-based multiple testing: examples
and methods for p-value adjustment. New York (NY): Wiley.

Korn EL, Troendle J, McShane LM, Simon R (2004) Controlling the number
of false discoveries: application to high dimensional genomic data. J Statist
Plann Inference. 124:379-98.

Tibshirani R, Hastie T, Narasimhan B, Chu G (2002) Diagnosis of multiple
cancer types by shrunken centroids of gene expression. Proc Natl Acad
Sci U S A; 99: 6567-72.

May 2014 | Volume 9 | Issue 5 | 97681


http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://www.affymetrix.com/estore/analysis/index.affx?category=34005&categoryIdClicked=34005&rootCategoryId=34005&navMode=34005&aId=netAffxNav
http://CRAN.R-project.org/package=survival

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

Meyer D, Leisch F, Hornik K (2003) The support vector machine under test.
Neurocomputing 55(1): 169-186.

Parikesit A A, Steiner L, Stadler P F, Prohaska S J (2013) Pitfalls of
ascertainment biases in genome annotations—computing comparable protein
domain distributions in eukarya. Malaysian Journal of Fundamental and
Applied Sciences, 10(2).

Smith M A, Gesell T, Stadler P F, Mattick J S (2013) Widespread purifying
selection on RNA structure in mammals. Nucleic acids research, 41(17): 8220
8236.

Angeloni D (2007). Molecular analysis of deletions in human chromosome
3p21 and the role of resident cancer genes in disease. Briefings in functional
genomics & proteomics 6(1): 19-39.

Krohn A, Seidel A, Burkhardt L, Bachmann F, Mader M, et al. (2013)
Recurrent deletion of 3pl3 targets multiple tumour suppressor genes and
defines a distinct subgroup of aggressive ERG fusion-positive prostate cancers.
The Journal of pathology, 231(1): 130-141.

Barrio-Real L, Kazanietz M G (2012) Rho GEFs and cancer: linking gene
expression and metastatic dissemination. Science Signaling 5(244): pe43.
Zhao J, Wu X Y, Ling X H, Lin Z Y, Fu X, et al. (2013) Analysis of genetic
aberrations on chromosomal region 8q21-24 identifies E2F5 as an oncogene
with copy number gain in prostate cancer. Medical Oncology 30(1): 1-10.

Li Y, Zou L, Li Q, Haibe-Kains B, Tian R, et al. (2010).Amplification of
LAPTM4B and YWHAZ contributes to chemotherapy resistance and
recurrence of breast cancer. Nature medicine 16(2): 214-218.

Bergamaschi A, Christensen B L, Katzenellenbogen B S (2011) Reversal of
endocrine resistance in breast cancer: interrelationships among 14-3-3zeta,
FOXMI, and a gene signature associated with mitosis. Breast Cancer Res
13(3): R70.

Kitago M, Martinez S R, Nakamura T, Sim M S, Hoon D S (2009).
Regulation of RUNX3 tumor suppressor gene expression in cutaneous
melanoma. Clinical Cancer Research 15(9): 2988-2994.

Van Aelst L, D’Souza-Schorey C (1997) Rho GTPases and signaling networks.
Genes & development 11(18): 2295-2322.

Chan E, Patel R, Nallur S, Ratner E, Bacchiocchi A, et al. (2011) MicroRNA
signatures differentiate melanoma subtypes. Cell Cycle 10(11): 1845-1852.
Gilam A, Edry L, Mamluk-Morag E, Bar-Ilan D, Avivi C, et al. (2013)
Involvement of IGF-1R regulation by miR-515-5p modifies breast cancer risk
among BRCAL carriers. Breast cancer research and treatment 138(3): 753-60.
Schafer Z T, Brugge J S (2007) IL-6 involvement in epithelial cancers. Journal
of Clinical Investigation 117(12): 3660-3663.

Garcia-Tufion I, Ricote M, Ruiz A, Fraile B, Paniagua R, et al. (2005) IL-6, its
receptors and its relationship with bcl-2 and bax proteins in infiltrating and in
situ human breast carcinoma. Histopathology 47(1): 82-89.

Della Vittoria Scarpati G, Falcetta F, Carlomagno C, Ubezio P, Marchini S, et
al. (2012) A specific miRNA signature correlates with complete pathological
response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer.
International Journal of Radiation Oncology Biology Physics 83(4): 1113-1119.
Arigami T, Uenosono Y, Ishigami S, Hagihara T, Haraguchi N, et al. (2012)
Expression of Stanniocalcin 1 as a Potential Biomarker of Gastric Cancer.
Oncology 83(3): 158-164.

Parris T Z, Kovacs A, Aziz L, Hajizadeh S, Nemes S, et al. (2013). Additive
effect of the AZGP1, PIP, SI00A8 and UBE2C molecular biomarkers improves
outcome prediction in breast carcinoma. International Journal of Cancer
134(7): 1617-29

Xu Y, Zhou B, Wu D, Yin Z, Luo D (2012) Baicalin modulates microRNA
expression in UVB irradiated mouse skin. Journal of biomedical research 26(2):
125-134.

Reuter S, Gupta S C, Chaturvedi M M, Aggarwal B B (2010) Oxidative stress,
inflammation, and cancer: how are they linked? Free Radical Biology and
Medicine, 49(11): 1603-1616.

Klokov D, Criswell T, Leskov K S, Araki S, Mayo L, et al. (2004) IR-inducible
clusterin gene expression: a protein with potential roles in ionizing radiation-
induced adaptive responses, genomic instability, and bystander effects.
Mutation Research/Fundamental and Molecular Mechanisms of Mutagenesis
568(1): 97-110.

McAvoy S, Ganapathiraju S C, Ducharme-Smith A L, Pritchett J R, Kosari F,
et al. (2007) Non-random inactivation of large common fragile site genes in
different cancers. Cytogenetic and genome research 118(2-4): 260-269.
Pinho F G, Frampton A E, Nunes J, Krell J, Alshaker H, et al. (2013)
Downregulation of microRNA-515-5p by the Estrogen Receptor Modulates
Sphingosine Kinase 1 and Breast Cancer Cell Proliferation. Cancer research
73(19): 5936-5948.

Pennanen P T, Sarvilinna N'S, Purmonen S R, Ylikomi T J (2009) Changes in
protein tyrosine phosphatase type IVA member 1 and zinc finger protein 36
C3H type-like 1 expression demonstrate altered estrogen and progestin effect in
medroxyprogesterone acetate-resistant and estrogen-independent breast cancer
cell models. Steroids 74(4): 404-409.

Kanaan Z, Roberts H, Eichenberger M R, Billeter A, Ocheretner G, et al.
(2013) A Plasma MicroRNA Panel for Detection of Colorectal Adenomas: A
Step Toward More Precise Screening for Colorectal Cancer. Annals of surgery
258(3): 400-408.

Shan S W, Lee DY, Deng Z, Shatseva T, Jeyapalan Z, et al. (2009) MicroRNA
MiR-17 retards tissue growth and represses fibronectin expression. Nature cell

biology 11(8): 1031-1038.

PLOS ONE | www.plosone.org

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

Improvement in Breast Cancer Grade Definition

. Goh XY, Rees J R E, Paterson A L, Chin S F, Marioni J C, et al. (2011)

Integrative analysis of array-comparative genomic hybridisation and matched
gene expression profiling data reveals novel genes with prognostic significance
in oesophageal adenocarcinoma. Gut 60(10): 1317-1326.

Duttagupta R, DiRienzo S, Jiang R, Bowers J, Gollub J, et al. (2012) Genome-
wide maps of circulating miRNA biomarkers for ulcerative colitis. PloS one
7(2): e31241.

Sand M, Skrygan M, Sand D, Georgas D, Hahn S A, et al. (2012) Expression of
microRNAs in basal cell carcinoma. British Journal of Dermatology 167(4):
847-855.

Hiroki E, Akahira J I, Suzuki F, Nagase S, Ito K, et al. (2010) Changes in
microRNA expression levels correlate with clinicopathological features and
prognoses in endometrial serous adenocarcinomas. Cancer science 101(1): 241
249.

Saito K, Inagaki K, Kamimoto T, Ito Y, Sugita T, et al. (2013).MicroRNA-
196a Is a Putative Diagnostic Biomarker and Therapeutic Target for Laryngeal
Cancer. PloS one 8(8): €71480.

Chiu L Y, Kishnani P S, Chuang T P, Tang C Y, Liu C Y, et al. (2013)
Identification of differentially expressed microRNAs in human hepatocellular
adenoma associated with type I glycogen storage disease: a potential utility as
biomarkers. Journal of gastroenterology, 1-11.

Bambang I F, Lee Y K, Richardson D R, Zhang D (2012) Endoplasmic
reticulum protein 29 regulates epithelial cell integrity during the mesenchymal—
epithelial transition in breast cancer cells. Oncogene 32(10): 1240-1251.
Axelsen J B, Lotem J, Sachs L, Domany E (2007). Genes overexpressed in
different human solid cancers exhibit different tissue-specific expression
profiles. Proceedings of the National Academy of Sciences 104(32): 13122
13127.

Manuylov N L, Smagulova F O, Tevosian S G (2007). Fog2 excision in mice
leads to premature mammary gland involution and reduced Esrl gene
expression. Oncogene 26(36): 5204-5213.

Janssen E A, Slewa A, Gudlaugsson E, Jonsdottir K, Skaland 1, et al. (2010).
Biologic profiling of lymph node negative breast cancers by means of
microRNA expression. Modern Pathology 23(12): 1567-1576.

Ngan E, Northey J J, Brown C M, Ursini-Siegel J, Siegel P M (2013). A
complex containing LPP and o-actinin mediates TGFp-induced migration and
invasion of ErbB2-expressing breast cancer cells. Journal of cell science 126(9):
1981-1991.

Sadakata T, Shinoda Y, Oka M, Sckine Y, Furuichi T (2012). Autistic-like
behavioral phenotypes in a mouse model with copy number variation of the
CAPS2/CADPS2 gene. FEBS letters 587(1): 54-59.

Pinho F G, Frampton A E, Nunes J, Krell J, Alshaker H, et al. (2013).
Downregulation of microRNA-515-5p by the Estrogen Receptor Modulates
Sphingosine Kinase 1 and Breast Cancer Cell Proliferation. Cancer research
73(19): 5936-5948.

Roa W, Brunet B, Guo L, Amanie J, Fairchild A, et al. (2010) Identification of a
new microRNA expression profile as a potential cancer screening tool. Clinical
& Investigative Medicine 33(2): E124-E132.

Caron C, Lestrat C, Marsal S, Escoffier E, Curtet S, et al. (2010) Functional
characterization of ATAD2 as a new cancer/testis factor and a predictor of
poor prognosis in breast and lung cancers. Oncogene 29(37): 5171-5181.
Duan Z, Zou J X, Yang P, Wang Y, Borowsky A D, et al. (2012)
Developmental and androgenic regulation of chromatin regulators EZH2
and ANCCA/ATAD2 in the prostate Via MLL histone methylase complex.
The Prostate 73(5): 455-66.

Altintas D M, Shukla M S, Goutte-Gattat D, Angelov D, Rouault J P, et al.
(2012) Direct Cooperation Between Androgen Receptor and E2F1 Reveals a
Common Regulation Mechanism for Androgen-Responsive Genes in Prostate
Cells. Molecular Endocrinology 26(9): 1531-1541.

Salhab M, Patani N, Jiang W, Mokbel K (2012) High TIMMI17A expression is
associated with adverse pathological and clinical outcomes in human breast
cancer. Breast Cancer 19(2): 153-160.

Xu X, Qiao M, Zhang Y, Jiang Y, Wei P, et al. (2010) Quantitative proteomics
study of breast cancer cell lines isolated from a single patient: discovery of
TIMMI17A as a marker for breast cancer. Proteomics, 10(7): 1374-1390.
Polanowska J, Le Cam L, Orsetti B, Valles H, Fabbrizio E, et al. (2000) Human
E2F5 gene is oncogenic in primary rodent cells and is amplified in human
breast tumors. Genes, Chromosomes and Cancer 28(1): 126-130.

Umemura S, Shirane M, Takekoshi S, Kusakabe T, Itoh J, et al. (2009)
Overexpression of E2F-5 correlates with a pathological basal phenotype and a
worse clinical outcome. British journal of cancer 100(5): 764-771.

. Sakurai M, Miki Y, Masuda M, Hata S, Shibahara Y, et al. (2012) LIN28: A

regulator of tumor-suppressing activity of let-7 microRNA in human breast
cancer. The Journal of Steroid Biochemistry and Molecular Biology 131(3):
101-106.

. Yu F, Yao H, Zhu P, Zhang X, Pan Q, et al. (2007). let-7 Regulates Self

Renewal and Tumorigenicity of Breast Cancer Cells. Cell 131(6): 1109-1123.

. Chen Z H, Zhang G L, LiH R, Luo J D, Li Z X, et al. (2012) A panel of five

circulating microRNAs as potential biomarkers for prostate cancer. The

Prostate 72(13): 1443-1452.

. Zhang H, Li W, Nan F, Ren F, Wang H, et al. (2011) MicroRNA expression

profile of colon cancer stem-like cells in HT29 adenocarcinoma cell line.
Biochemical and biophysical research communications 404(1): 273-278.

May 2014 | Volume 9 | Issue 5 | 97681



160.

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.

174.

176.

177.

178.

179.

180.

181.

182.

. Yang C, Chen H, Yu L, Shan L, Xie L, et al. (2013) Inhibition of FOXM]

transcription factor suppresses cell proliferation and tumor growth of breast
cancer. Cancer gene therapy 20(2): 117-124.

. Martin R W, Orelli B J, Yamazoe M, Minn A J, Takeda S, et al. (2007) RAD51

up-regulation bypasses BRCAI function and is a common feature of BRCA1-
deficient breast tumors. Cancer research 67(20): 9658-9665.

. Chen L, Li Y, Lin C H, Chan T H M, Chow R K K, et al. (2013) Recoding

RNA editing of AZINI predisposes to hepatocellular carcinoma. Nature
medicine 19(2): 209-216.

. Yang M, Liu R, Sheng J, Liao J, Wang Y, et al. (2013) Differential expression

profiles of microRNAs as potential biomarkers for the early diagnosis of
esophageal squamous cell carcinoma. Oncology reports 29(1): 169-176.

. Wu X, Weng L, Li X, Guo C, Pal S K, et al. (2012) Identification of a 4-

microRNA  signature for clear cell renal cell carcinoma metastasis and
prognosis. PloS one 7(5): ¢35661.

. Tang J, Ahmad A, Sarkar F H (2012) The role of microRNAs in breast cancer

migration, invasion and metastasis. International journal of molecular sciences
13(10): 13414-13437.

Liu X L, Li S Q, Liu C J, Tao H X, Zhang Z S (2004) Antigen epitope of
Helicobacter pylori vacuolating cytotoxin A. World Journal of Gastroenterol-
ogy, 10(16): 2340-2343.

Shao G Z, Zhou R L, Zhang Q Y, Zhang Y, Liu J J, et al (2003) Molecular
cloning and characterization of LAPTM4B, a novel gene upregulated in
hepatocellular carcinoma. Oncogene 22(32): 5060-5069.

Li X, Kong X, Chen X, Zhang N, Jiang L, et al. (2012) LAPTM4B allele* 2 is
associated with breast cancer susceptibility and prognosis. PloS one 7(9):
e44916.

Xiao M, Jia S, Wang H, Wang J, Huang Y, et al. (2013) Overexpression of
LAPTM4B: an independent prognostic marker in breast cancer. Journal of
cancer research and clinical oncology 139(4): 661-667.

Guo X, Wu Y, Hartley R (2009) MicroRNA-125a represses cell growth by
targeting HuR in breast cancer. RNA biology 6(5): 575-583.

Li W, Duan R, Kooy F, Sherman S L, Zhou W, et al. (2009) Germline
mutation of microRNA-125a is associated with breast cancer. Journal of
medical genetics 46(5): 358-360.

O’Day E, Lal A (2010) MicroRNAs and their target gene networks in breast
cancer. Breast Cancer Research 12(2):201.

Nam E J, Yoon H, Kim S W, Kim H, Kim Y T, et al. (2008) MicroRNA
expression profiles in serous ovarian carcinoma. Clinical Cancer Research
14(9): 2690-2695.

Wang G, Mao W, Zheng S, Ye J (2009) Epidermal growth factor receptor-
regulated miR-125a-5p—a metastatic inhibitor of lung cancer. Febs Journal
276(19): 5571-5578.

Ferretti E, De Smaele E, Po A, Di Marcotullio L, Tosi E, et al. (2009)
MicroRNA profiling in human medulloblastoma. International Journal of
Cancer 124(3): 568-577.

Liu J, Mao Q, Liu Y, Hao X, Zhang S, et al. (2013) Analysis of miR-205 and
miR-155 expression in the blood of breast cancer patients. Chinese Journal of
Cancer Research 25(1): 46.

El-Murr N, Abidi Z, Wanherdrick K, Svrcek M, Gaub M P, et al. (2012)
MiRNA genes constitute new targets for microsatellite instability in colorectal
cancer. PloS one 7(2): €31862.

LiuY, Zhu X, Zhu J, Liao S, Tang Q, et al. (2007) Identification of differential
expression of genes in hepatocellular carcinoma by suppression subtractive
hybridization combined cDNA microarray. Oncology reports 18(4): 943-951.
Liu X, Wang H, Ma J, Xu J, Sheng C, et al. (2013) The expression and
prognosis of Emil and Skp2 in breast carcinoma: associated with PI3K/Akt
pathway and cell proliferation. Medical Oncology 30(4): 1-12.

Choschzick M, Lassen P, Lebeau A, Marx A H, Terracciano L, et al. (2010)
Amplification of 821 in breast cancer is independent of MYC and associated
with poor patient outcome. Modern Pathology 23(4): 603-610.

. Marchenko N D, Hanel W, Li D, Becker K, Reich N, et al. (2009) Stress-

mediated nuclear stabilization of p53 is regulated by ubiquitination and
importin-a3 binding. Cell Death & Differentiation 17(2): 255-267.

Long Q, Johnson B A, Osunkoya A O, Lai Y H, Zhou W, et al. (2011) Protein-
coding and microRNA biomarkers of recurrence of prostate cancer following
radical prostatectomy. The American journal of pathology 179(1): 46-54.
Pan'Y Z, Morris M E, Yu A M (2009) MicroRNA-328 negatively regulates the
expression of breast cancer resistance protein (BCRP/ABCG2) in human
cancer cells. Molecular pharmacology, 75(6): 1374-1379.

Corpet A, De Koning L, Toedling J, Savignoni A, Berger T, et al. (2010) Asflb,
the necessary Asfl isoform for proliferation, is predictive of outcome in breast
cancer. The EMBO journal 30(3): 480-493.

Yang L, Xu L (2012). GPR56 in cancer progression: current status and future
perspective. Future Oncology 8(4): 431-440.

Morello L G, Hesling C, Coltri P P, Castilho B A, Rimokh R, et al. (2011) The
NIP7 protein is required for accurate pre-rRNA processing in human cells.
Nucleic acids research 39(2): 648-665.

Colak D, Nofal A, AlBakheet A, Nirmal M, Jeprel H, et al. (2013) Age-Specific
Gene Expression Signatures for Breast Tumors and Cross-Species Conserved
Potential Cancer Progression Markers in Young Women. PloS one 8(5):
€63204.

Padi S K, Zhang Q, Rustum Y M, Morrison C, Guo B (2013) MicroRNA-627
Mediates the Epigenetic Mechanisms of Vitamin D to Suppress Proliferation of

PLOS ONE | www.plosone.org

183.

184.

185.

186.

187.

188.

189.

190.

191.

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

209.

210.

Improvement in Breast Cancer Grade Definition

Human Colorectal Cancer Cells and Growth of Xenograft Tumors in Mice.
Gastroenterology 145(2): 437-446.

Katayama Y, Maeda M, Miyaguchi K, Nemoto S, Yasen M, et al. (2012)
Identification of pathogenesis-related microRNAs in hepatocellular carcinoma
by expression profiling. Oncology letters 4(4): 817-823.

Huang N J, Zhang L, Tang W, Chen C, Yang C S, et al. (2012) The Trim39
ubiquitin  ligase inhibits APC/CCdhl-mediated degradation of the Bax
activator MOAP-1. The Journal of cell biology 197(3): 361-367.

Carr J R, Kiefer M M, Park H J, Li J, Wang Z, et al. (2012) FoxMI regulates
mammary luminal cell fate. Cell Reports 1(6): 715-729.

Yang C, Chen H, Yu L, Shan L, Xie L, et al. (2013) Inhibition of FOXM1
transcription factor suppresses cell proliferation and tumor growth of breast
cancer. Cancer gene therapy 20(2): 117-124.

Wang I C, Chen Y J, Hughes D, Petrovic V, Major M L, et al. (2005) Forkhead
box MI regulates the transcriptional network of genes essential for mitotic
progression and genes encoding the SCF (Skp2-Cksl) ubiquitin ligase.
Molecular and cellular biology 25(24): 10875-10894.

Laoukili J, Kooistra M R, Bras A, Kauw J, Kerkhoven R M, et al. (2005)
FoxMI1 is required for execution of the mitotic programme and chromosome
stability. Nature cell biology, 7(2): 126-136.

Bektas N, ten Haaf A, Veeck J, Wild P J, Liischer-Firzlaff ], et al. (2008) Tight
correlation between expression of the Forkhead transcription factor FOXMI1
and HER2 in human breast cancer. BMC cancer 8(1): 42.

Pilarsky C, Wenzig M, Specht T, Saeger H D, Grutzmann R (2004).
Identification and validation of commonly overexpressed genes in solid tumors
by comparison of microarray data. Neoplasia 6(6): 744-750.

Wonsey D R, Follettiec M T (2005). Loss of the forkhead transcription factor
FoxM1 causes centrosome amplification and mitotic catastrophe. Cancer
research 65(12): 5181-5189.

Kwok J M M, Peck B, Monteiro L J, Schwenen H D, Millour J, et al. (2010)
FOXMI confers acquired cisplatin resistance in breast cancer cells. Molecular
Cancer Research 8(1): 24-34.

Xue J, Lin X, Chiu W T, Chen Y H, Yu G, et al. (2014) Sustained activation of
SMAD3/SMAD4 by FOXM1 promotes TGF-B—dependent cancer metastasis.
The Journal of clinical investigation, 124(2), 564-79.

Raychaudhuri P, Park H J (2011) FoxMIl: a master regulator of tumor
metastasis. Cancer research 71(13): 4329-4333.

Siveen K S, Sikka S, Surana R, Dai X, Zhang ], et al. (2014) Targeting the
STATS3 signaling pathway in cancer: Role of synthetic and natural inhibitors.
Biochimica et Biophysica Acta (BBA)-Reviews on Cancer 1845(2):136—
154.

Rachidi S M, Qin T, Sun S, Zheng W J, Li Z (2013) Molecular Profiling of
Multiple Human Cancers Defines an Inflammatory Cancer-Associated
Molecular Pattern and Uncovers KPNA2 as a Uniform Poor Prognostic
Cancer Marker. PloS one 8(3): ¢57911.

Su C H, Tzeng T Y, Cheng C, Hsu M T (2013) An H2A histone isotype
regulates estrogen receptor target genes by mediating enhancer-promoter-3’-
UTR interactions in breast cancer cells. Nucleic acids research 42(5):3073
88.

Kim K, Punj V, Choi J, Heo K, Kim J M, et al. (2013). Gene dysregulation by
histone variant H2A. Z in bladder cancer. Epigenetics & chromatin 6(1): 34.
Hua S, Kallen C B, Dhar R, Baquero M T, Mason C E, et al. (2008) Genomic
analysis of estrogen cascade reveals histone variant H2A. Z associated with
breast cancer progression. Molecular systems biology 4:188

Liu C Y (2012). Tyrosine Phosphorylation of p68 RNA Helicase Promotes
Metastasis in Colon Cancer Progression.

Abdelhaleem M (2004) Over-expression of RNA helicases in cancer.
Anticancer research 24(6): 3951-3954.

Schepeler T, Reinert J T, Ostenfeld M S, Christensen L L, Silahtaroglu A N, et
al. (2008) Diagnostic and prognostic microRNAs in stage II colon cancer.
Cancer Research, 68(15): 6416-6424.

7Zhi F, Cao X, Xie X, Wang B, Dong W, et al. (2013) Identification of
circulating micrornas as potential biomarkers for detecting acute myeloid
leukemia. PloS one 8(2): ¢56718.

Liu R, Yang M, Meng Y, Liao J, Sheng J, et al. (2013) Tumor-Suppressive
Function of miR-139-5p in Esophageal Squamous Cell Carcinoma. PloS one,
8(10): €77068.

Krishnan K, Steptoe A L, Martin H C, Pattabiraman D R, Nones K, et al.
(2013) miR-139-5p is a regulator of metastatic pathways in breast cancer. RNA
19(12): 1767-1780.

Roush S, Slack F J (2008) The let-7 family of microRNAs. Trends in cell
biology 18(10): 505-516.

Kumar M S, Lu J, Mercer K L, Golub T R, Jacks T (2007) Impaired
microRNA processing enhances cellular transformation and tumorigenesis.
Nature genetics 39(5): 673-677.

Lee Y S, Dutta A (2007) The tumor suppressor microRNA let-7 represses the
HMGA2 oncogene. Genes & development 21(9): 1025-1030.

Johnson S M, Grosshans H, Shingara J, Byrom M, Jarvis R, et al. (2005) RAS is

Regulated by the let-7 MicroRNA Family. Cell 120(5): 635-647.

Schultz J, Lorenz P, Gross G, Ibrahim S, Kunz M (2008) MicroRNA let-7b
targets important cell cycle molecules in malignant melanoma cells and
interferes with anchorage-independent growth. Cell research 18(5): 549-
557.

May 2014 | Volume 9 | Issue 5 | 97681



Improvement in Breast Cancer Grade Definition

211. Zhao B, Han H, Chen J, Zhang Z, Li S, et al. (2014) MicroRNA let-7¢ inhibits 213. Leite K R, Sousa-Canavez ] M, Reis S T, Tomiyama A H, Camara-Lopes L

migration and invasion of human non-small cell lung cancer by targeting H, etal. (2011, June). Change in expression of miR-let7c, miR-100, and miR-
ITGB3 and MAP4K3. Cancer letters, 342(1): 43-51. 218 from high grade localized prostate cancer to metastasis. In Urologic
212. Wang P Y, Sun Y X, Zhang S, Pang M, Zhang H H, et al. (2013). Let-7c Oncology: Seminars and Original Investigations. Elsevier. 29(3): 265-269.

inhibits A549 cell proliferation through oncogenic TRIB2 related factors. FEBS
letters 587(16): 2675-2681.

PLOS ONE | www.plosone.org 25 May 2014 | Volume 9 | Issue 5 | e97681



