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There has been much active research in bioinformatics to support our understanding of oncogenesis and
tumor progression. Most research relies on mRNA gene expression data to identify marker genes or
cancer speciﬁc gene networks. However, considering that proteins are functional molecules that carry
out the biological tasks of genes, they can be direct markers of biological functions. Protein abundance
data on a genome scale have not been investigated in depth due to the limited availability of high
throughput protein assays. This hindrance is chieﬂy caused by a lack of robust techniques such as RT-PCR
(real-time polymerase chain reaction). In this study, we quantiﬁed phospho-proteomes of breast cancer
cell lines treated with TGF-beta (transforming growth factor beta). To discover biomarkers and observe
changes in the signaling pathways related to breast cancer, we applied a protein network-based approach
to generate a classiﬁer of subnet markers. The accuracy of that classiﬁer outperformed other networkbased classiﬁcation algorithms, and current feature selection and classiﬁcation algorithms. Moreover,
many cancer-related proteins were identiﬁed in those sub-networks. Each sub-network provides
functional insights and can serve as a potential marker for TGF-beta treatments. After interpreting the
roles of proteins in sub-networks with various signaling pathways, we found strong candidate proteins
and various related interactions that are expected to affect breast cancer outcomes. These results
demonstrate the high quality of the quantiﬁed phospho-proteomes data and show that our network
construction and classiﬁcation method is appropriate for an analysis of this type of data.
& 2013 Elsevier Ltd. All rights reserved.
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1. Introduction
Understanding oncogenesis and tumor progression at the gene
or protein level is fundamentally related to cancer diagnosis and
prognosis, treatment, and drug discovery related to cancer. Active
study in bioinformatics supports this understanding. Currently,
most research in this area aims to identify marker genes or build
gene networks by comparing the differential expressions of mRNA.
A latter group [1–3] commonly integrates interactome and transcriptome data to build cancer speciﬁc gene networks. These networks contain highly relevant cancer genes and provide improved
diagnostic and prognostic predictive functions.
Chuang et al. [1] found that signiﬁcantly up-regulated or downregulated gene sub-networks were more accurate predictors than
single genes. Those sub-networks contain many known breast cancer
genes which were undetectable in previous studies, which analyzed
only transcriptome data. Dutkowski and Ideker [2] found protein
modules related to tissue development, breast cancer metastasis, and
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the progression of brain cancer. They suggested a network-guided
forest method for identifying protein modules and decision logic
functions that are composed of proteins in those modules. Taylor
et al. [3] suggested that differential gene expression in breast cancer
changes the organization of interactome data and eventually affects
breast cancer outcomes. In order to search for changes in the global
modularity of protein interaction networks, they calculated the
average Pearson correlation coefﬁcient (PCC) of a hub protein and its
interacting partners. The results revealed that many interactions with
altered PCCs were closely related to disease outcomes. Current studies
rely on mRNA gene expression data to identify marker genes or cancer
speciﬁc gene networks. However, because proteins are functional
molecules that carry out the biological tasks of genes, they also can
be direct markers related to biological functions. Frequently, mRNA
abundance changes have not coincided with protein abundance
changes and have differed depending on the phenotype [4]. Nonetheless, protein abundance data on a genome scale have not been
actively studied because the availability of high throughput protein
assays is hindered by the lack of robust techniques, such as RT-PCR.
In our study, we quantiﬁed phospho-proteomes of breast
cancer cell lines that were treated with TGF-beta. Next, we
applied to the data a protein network-based method to generate
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a classiﬁer of subnet markers. To build a human omics network,
KEGG pathways were added to protein–protein interactions (PPIs).
This was done because PPI alone missed many signaling interactions in the KEGG database [5]. The sole use of KEGG has been
found to be problematic due to sparsity and the lack of the
assignment of the majority of human genes to a deﬁnitive pathway [1]. Interaction data collected from various databases were
integrated based on the NCBI Entrez gene name. From the
integrated omics network, we extracted sub-networks that differentiated TGF-beta treatments in breast cancer and demonstrated
the predictive performance of the sub-network markers. This
classiﬁcation outperformed network-based classiﬁcation algorithms as well as current feature selection and classiﬁcation
algorithms in terms of accuracy. Many cancer-related proteins
were involved in those sub-networks. Each sub-network provides
functional insights and can be a potential marker for TGF-beta
treatments. Interpreting the roles of proteins in a sub-network
with various signaling pathways, we found strong candidate
proteins that elicited an opposing breast cancer outcome. These
results imply that the quality of our phosphorylated protein
abundance data is high and that our network construction and
classiﬁcation method is ﬁt for an analysis of quantiﬁed phosphoproteomes data.

2. Methods
2.1. Protein selection
The phospho-proteomes of breast cancer cell lines at four
different progression stages (MCF10A1 (M1), MCF10AT1k (M2),
MCF10CA1h (M3), and MCF10CA1a (M4)) [6–9] were treated with
TGF-beta for 1 h. For each cell, two samples (a control and the
sample treated for 1 h) were prepared (eight samples in total). We
used control (labeled as tumor) samples and the treated samples
(labeled as treated) for the analysis. After proteolysis of the
samples, phospho-proteome was selectively captured from whole
cell lysates using TiO2 chromatography and immobilized metal
afﬁnity chromatography (IMAC) methods. Each sample was analyzed by microcapillary liquid chromatography-tandem mass
spectrometry (uLC-MS/MS). In all, 1229 proteins were quantiﬁed
and analyzed. This data is available at http://embio.yonsei.ac.kr/
Ahn/tc2.php. A detailed description of this process can be found
in Supplementary Table S1.
2.2. Additional datasets
In February of 2012, we downloaded 319,308 human PPIs from
the I2D database [10], which includes known, experimental and
predicted PPIs for humans and ﬁve other organisms. The proteins
in those PPIs were mapped into protein IDs using UniPROT.
At the same time, we downloaded 549 interactions from the
KEGG database [11]. Those interactions included phosphorylation,
dephosphorylation, binding/association and indirect effect, or
activation/inhibition interactions. We also downloaded a cancer
related gene list from the Cancer Genome Project as a reference
gene set. This included 474 cancer genes and 19 breast cancer
genes.

The interaction level of the two proteins can be represented by
the PCC of the abundance level. Given tumor and treated groups
of samples, a large difference in the PCC value means that there
are signiﬁcant changes in the correlation of two proteins between
these two groups of samples. Based on this rationale, each
interaction of the network datasets in Section 2.2 was tested as
to whether its two PCC values were signiﬁcantly different. The
interaction of two proteins a and b has signiﬁcantly different
correlations if the interaction satisﬁes the following equation:
Score of an interaction ¼ jPCCðvat ; vbt Þ–PCCðvan ; vbn Þj 4threshold;
where vat and van are vectors of the abundance values of protein a
for the tumor and treated samples, respectively, and vbt and vbn are
vectors of the abundance values of protein b on tumor and treated
samples, respectively.
Because the threshold is the minimal difference between two
groups of samples, fewer, more deﬁnite interactions and regulations were selected as the threshold increases. When the TGF-beta
affected network is used to predict whether or not a given sample
is TGF-beta treated, the false positive rate decreases and the false
negative rate increases as the threshold increases. It then becomes
necessary to ﬁnd the optimal threshold yielding the best result in
the tradeoffs between the false negative and false positive rate.
The optimal threshold value was identiﬁed using the leave-one out
cross validation (LOOCV) method while lowering the threshold
by 0.005.
We presume that true positive interactions help correct predictions of a sample's label. Therefore, we use the network as a
classiﬁer with the LOOCV method. Each edge of the network
satisﬁes the score of an interaction equation. For a given sample s
of which the class label is unknown, we can predict its class label
using the procedure shown in Fig. 1.
In Fig. 1, the values t and r represent the changed values of PCC
when an unknown sample s is added to the tumor and treated
sample set, respectively. For each interaction, t tends to be greater
than r if s is tumor. Therefore, if the proper interactions are selected
as a classiﬁer, scoret would increase and s would be labeled as tumor.

3. Experimental results
3.1. Classiﬁcation accuracy
We performed a LOOCV test to obtain the optimal thresholds for
the PPI and KEGG interactions, lowering the threshold by 0.005. This
process is shown in Fig. 2. After we selected the optimal thresholds,
we performed the LOOCV again for the integrated network. These
results are shown in Table 1, which shows that the optimal threshold
for the PPI is low. This means nearly all PPIs contribute to the correct
classiﬁcation.
We also tested two network-based classiﬁcation algorithms [1,3]
and the relief-F [13], correlation-based ﬁlter [14], information gain

2.3. Identifying TGF-beta affected pathways
Among the numerous interactions from various network datasets, we needed to identify the interactions included in pathways
that were impacted by the TGF-beta treatment of breast cancer. To
do this, we applied our previous work [12], which exploits the
changes in interaction levels from a normal to a tumor state.
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Fig. 1. Class label prediction procedure.
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Fig. 2. Determination of the optimal threshold. (1) AUC measured for the PPI network (blue line) and the KEGG network (red line). The threshold that shows the best AUC is
selected as the optimal threshold. The optimal thresholds 0.515 and 0.065 are marked with nn and n, respectively. (2) ROC curves for two optimal thresholds. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Table 1
Optimal parameters and classiﬁcation accuracy of the proposed algorithm.

Table 2
LOOCV test results.

Interaction
type

Optimal
threshold

Number of proteins
in the network

Number of
interactions in the
network

AUC

Algorithm

Interaction
type

PPI
KEGG
Integrated

0.065
0.515


592
95
621

2360
87
2447

0.9609
0.9453
0.9609

Proposed

Integrated

621

Chuang et al.

PPI
KEGG
Integrated
PPI
–

14
5
12
53
1229

[15], gain ratio [16], and Chi-squared [17] gene-based feature-selection algorithms for comparison. The lone exception came when we
tested the algorithm of Taylor et al., SMO [18]. For those tests, a
sequential minimal optimization algorithm used for the training
of a support vector machine (SVM) was used as the classiﬁcation
algorithm. Taylor et al. provide their own classiﬁcation system. For
all tests, LOOCV was utilized. The classiﬁcation results are shown in
Table 2. Also, ROC curves are presented in Fig. 2.
The higher AUC value of the proposed algorithm indicates
that it outperformed the other tested algorithms. The results show
that the proposed algorithm has a false positive rate of 0, while
maintaining a true positive rate of 0.875, as shown in Fig. 3. The
algorithm of Chuang et al., which shows good performance with
mRNA microarray data [1], showed a low level of classiﬁcation
accuracy here, possibly because the characteristics of protein
abundance data are very different from those of mRNA measurement data. Therefore, the algorithm of Chuang et al. is not suitable
for protein abundance data. The same explanation can be applied

Taylor et al.
No feature
selection
Relief-F
Gain ratio
Information gain
Chi-squared
Correlation-based
ﬁlter
a
b

–
–
–
–
–

Number of
proteins
in the network

361
12
12
12
12

Number of
interactions
in the network

AUC

2213 a
234 b
27
5
27
49
–

0.9609
0.310
0.375
0.250
0.625
0.438

–
–
–
–
–

0.625
0.813
0.813
0.813
0.813

Interactions that are active only in tumor samples.
Interactions that are active only in TGF-beta treated samples.

to the algorithm of Taylor et al. When no feature selection algorithms are applied, the classiﬁcation accuracy decreases. Therefore, nearly all of the protein abundance signatures are interpreted
as noise in the SVM classiﬁcation system. We found that relief-F,
one of the most effective feature selection algorithms for mRNA
microarray data, appears to be less effective than other feature
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Table 3
GO annotation result.
Algorithm

Number of
groups

Total number of
terms

Number of
proteins

Proposed
Chuang et al.
Taylor et al.
Relief-F
Other feature selection
algorithmsn

71
22
45
18
0

689
57
234
61
0

612
12
53
361
12

n

Fig. 3. ROC curves of the proposed methods and comparison methods. Other
feature selection methods are the gain ratio, information gain, Chi-squared and the
correlation-based ﬁlter algorithms. These four algorithms selected the same set of
genes, causing SVM to result in the same ROC curve. The curves of the proposed
method and that by Chuang et al. are drawn using integrated network. The false
positive rate is deﬁned as the ratio of incorrectly predicted samples out of all
treated samples, and the true positive rate is deﬁned as the ratio of correctly
predicted samples out of all tumor samples.

selection algorithms. These results offer a reasonable explanation
of the different characteristics of protein abundance and mRNA
measurement data.

Gain ratio, information gain, Chi-squared and correlation-based ﬁlter.

The data used a measurement of the phosphorylated protein
abundance with many driver proteins in various signaling pathways. Changes in the abundance of driver proteins tend to be
subtle, isolated, and small in amplitude. Because our method is not
based on a single protein but on the concordant behavior of
proteins connected in a functional network, subtle changes in
two interacting driver proteins are detectable. We provide the
entire set of functional analysis results in Supplementary Table S2.
We identiﬁed 18 genes (21 proteins) and 105 genes (68
proteins) which are speciﬁc to breast cancer from the Cancer
Genome Project database (CGP dataset) and from the Catalog of
Published Genome-Wide Association Studies (the GWAS dataset,
[20]), respectively. Our data is composed of 2257 proteins, which
includes one protein (P06400 (RB1)) and two proteins (P54727
(RAD23B) and P46663 (BDKRB1)) from the CGP and GWAS
datasets, respectively. Among these three proteins, our network,
which is composed of 621 proteins, contains two proteins (P06400
and P54727). Although the sample size is not sufﬁciently large,
we can say that the proposed algorithm has statistical power
to select experimentally validated proteins (p-value ¼0.0708,
hypergeometric test).

3.2. Analysis of breast cancer speciﬁc sub-pathways

3.3. Biological discussion

We found that many proteins and their interactions have
different levels of strength in the tumor and TGF-beta treated
state of the cell within TGF-beta related pathways. These pathways
contain 621 proteins, as shown in Supplementary Table S1. The
number of interactions that are active only in the TGF-beta-treated
samples is 234, while the number of interactions that are active
only in the tumor samples is 2213—nearly a tenfold increase
compared to the TGF-beta treated samples. This result indicates
that most portions of TGF-beta related pathways are abnormally
activated in the tumor state.
We functionally enriched 621 proteins of our breast cancer
speciﬁc sub-pathways and proteins as detected by other methods
and used for the comparison shown in Section 3.1. The protein lists
were annotated using g:Proﬁler [19], with a p-value of less than
0.05. The annotation results were quantiﬁed as the number of
terms that were successfully annotated, as shown in Table 3.
Because several terms can be grouped by a hierarchical structure
of databases, we also counted the number of groups.
A TGF-beta treatment can affect upstream pathways, including
various signaling pathways, leading to a dynamic change in
the large downstream pathways. From Table 3, we can conﬁrm
that the proposed algorithm is capable of constructing a network
which meets this expectation. It is interesting that proteins
selected using the gain ratio, information gain, Chi-squared and
the correlation-based ﬁlter algorithms was not annotated at all,
whereas they were shown to be effective features for sample
classiﬁcations. In addition to these feature selection algorithms,
other methods for comparison identiﬁed fewer signiﬁcant marker
proteins and cellular processes with a discernible trend.

For a more detailed analysis of our network, we used MetacoreTM (version 6.5; GeneGo, St. Joseph, MO, USA). Several related
works within MetacoreTM supported the proteins in our network,
and some of them were directly or indirectly related to breast
cancer. We selected four annotated sub-networks with the greatest level of signiﬁcance, as shown in Fig. 4. All edges of the ﬁgures
are protein–protein interactions unless otherwise speciﬁed. The
edge thickness correlates with the Score of an interaction. Other
notations can be found in Fig.4-(5). We used Cytoscape [21] to
create the graphic presentation.
TGF-beta is one of the major inducers of EMT (epithelial to
mesenchymal transition) [22] and can also induce the SMADindependent pathways involved in an EMT program. Also, it has
been reported that TGF-beta receptor-mediated p38 MAPK activation and EMT are enhanced by ITGB1 [23], as shown in Fig. 4-(1).
Sarrio et al. reported that EMT likely occurs within a speciﬁc
genetic context of the basal phenotype in breast tumors. Proclivity
to mesenchymal transition may be related to the high level of
aggressiveness and the characteristic metastatic spread of these
tumors [24].
Moreover, several integrin subunit proteins, such as ITGB1,
ITGB2, ITGB3, ITGAV and ITGB4, play a role in cellular adhesion.
Integrin receptors may play a role in breast cancer invasion and
metastasis by modifying cells' ability to adhere to surrounding
cells and the extracellular matrix [25]. Fig. 4-(1) shows that ITGB1
has many interactions that are mostly active only in breast tumor
samples.
Furthermore, Fig. 4-(1) shows that ITGB1 and its interacting
partners ITGA3, ITGA5 and ITGA6 activate SRC (c-SRC). These
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Fig. 4. The sub-networks dynamically changed when breast cancer cells were treated with TGF-beta. (1) The ﬁrst part of the sub-pathway related to TGF-beta dependent
induction of EMT, (2) The second part of the sub-pathway related to TGF-beta dependent induction of EMT, (3) The sub-pathway related to TGF-beta receptor signaling,
(4) The sub-pathway related to Regulation of G1/S transition and (5) The legend of the pathways.
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activations occur only in tumor samples, indicating the important
role of SRC in breast cancer. Our deduction is supported by related
research which found the activation and suspected key roles of
SRC in many breast cancers [26–28]. SRC's involvement in interactions active only in tumor samples include interactions involving
proteins EGFR (EGF) and MLLT4, which are reportedly oncogenes
according to the Cancer Genome Project. These ﬁndings suggest
that ITGB1, ITGA3, ITGA5 and ITGA6 interdiction strategies may
represent an innovative approach to reestablishing TGF-beta
mediated tumor suppression in progressing human breast cancers.
Together with ITGB1, EGFR also modulates EMT. During tumor
development, excessive or inadequate EGFR stimulation leads to
EMT [29,30]. Fig. 4-(2) shows the detailed interactions of EGFR.
Except for FHL2 and PDCD6IP, all proteins have strong interaction
with EGFR only in tumor samples. These interactions may support
various roles of EGFR during the tumor development process.
EGFR has several common interacting partners with IPO5
(importin (karyopherin)-beta), as shown in Fig. 4-(3). Research
shows that the binding of IPO5 to SMAD3 stimulates the translocation of SMAD3 to the nucleus [31]. SMAD3 serves as an intermediate effector, transducing the TGF-beta signal from the plasma
membrane to the nucleus, where it participates in the transactivation of downstream target genes [32].
Transcription mediated by SMAD3 is enhanced by p300 [33,34].
Transcriptional co-activator p300 can play a variety of roles in the
transcription process, and the mutation of p300 has been found in
certain types of human cancers [32].
Fig. 4-(3) also shows several interacting partners of p300, such
as DDB2 and FHL2. DDB2 takes part in global genomic repair by
recruiting p300 to the damaged chromatin [35]. FHL2 and p300
directly interact and synergistically enhance beta-catenin transcriptional activity [36]. When translocated to the nucleus, betacatenin can function as an oncogene. High beta-catenin activity
signiﬁcantly correlates with poor prognosis in breast cancer [37].
It follows that Fig. 4-(3) reveals interactions between FHL2 and
many proteins, including several oncogenes, such as SFPQ,
PRKAR1A and EFGR, which are active only in TGF-beta treated
samples. In other words, the processes implied by these interactions are deactivated in the tumor state. Protein p300 was not
quantiﬁed in our data and is thus not included in our network.
However, we were able to detect numerous proteins and their
interactions that were included in the TGF-beta receptor signaling
pathway. Therefore, the interactions of p300 are expected to affect
the binding of p300 and FHL2. For the same reason, we can infer
that several tumor-only interactions of IPO5 affect the binding of
IPO5 and SMAD3, as described above.
The binding of SMAD3 and ANAPC1 (an anaphase-promoting
complex) is also shown in Fig. 4-(3), and Fig. 4-(4) provides more
details regarding the binding and related pathways. Fig. 4-(4)
describes the regulation of the G1/S checkpoint by TGF-beta and
shows how TGF-beta signaling leads to the excitation of various
pathways. SMAD3-mediated ANAPC1 activation leads to the degradation of SnoN, thought to play an important role in the transactivation of TGF-beta responsive genes [38]. Phosphorylated CDC25A may
be exposed to ubiquitination by ANAPC1 and/or SKP1 (Cul1/Rbx1 E3
ligase) in a Smad3-dependent manner [39]. Although CDC25A was
not quantiﬁed in our data, or included in our network, many proteins
and their interactions were detected in the pathway for the TGF-beta
regulation of the G1/S transition. It follows that the ubiquitination of
CDC25A by SKP1 affects several tumor-only interactions involving
SKP1.
Lastly, PP2A regulatory subunits differentially regulate TGF-beta
signaling, eliciting opposing biological outcomes [40], as illustrated in
Fig. 4-(4). PP2A is a ubiquitously expressed member of the serinethreonine phosphatase family that is involved in the regulation of
many cellular processes, including transcription, translation, cellular
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metabolism, and apoptosis [40]. Due to the correlation between PP2A
and estrogen receptor alpha (ER) expression in several human breast
cancer cell lines, the effect of PP2A on the regulation of ER expression
in the human breast cancer cell line MCF-7 was studied [41].

4. Conclusion
In this study, we quantiﬁed phospho-proteomes of breast
cancer cell lines that were treated with TGF-beta and then applied
an integrated protein network construction method to the proteome data. To construct the protein network, we used KEGG
pathway data and a PPI dataset. As a result, we identiﬁed breast
cancer speciﬁc protein pathways in which interactions show
different activity characteristics between tumor and TGF-beta
treated samples. The performance in predicting sample labels
using this pathway was superior to that of existing feature selection and classiﬁcation algorithms and network-based classiﬁcation
algorithms. Moreover, the proteins in this pathway were more
functionally enriched using various biological databases.
Many cancer-related proteins supported by the Cancer Genome
Project or existing studies were involved in our pathway. Our
method is not based on a single protein but rather on the
concordant behavior of proteins connected in a functional network. Thus, we could detect subtle changes of driver proteins,
enabling the construction of plentiful and accurate protein pathways. In addition, we found that many sub-pathways can be
potential markers for TGF-beta treatments. In our discussion, we
interpreted the roles of proteins in the sub-network, including
various signaling pathways, and found candidate proteins that
can be expected to affect breast cancer outcomes. We therefore
conclude that our network construction and classiﬁcation method
is appropriate for analyses of quantiﬁed phospho-proteomes data.
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