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ARTICLE INFO ABSTRACT

Article history: Data integration and visualization are crucial to obtain meaningful hypotheses from the diversity of

Available online 1 February 2014 ‘omics’ fields and the large volume of heterogeneous and distributed data sets. In this review we focus
on network analysis as a key technique to integrate, visualize and extrapolate relevant information from

Keywords: diverse data. We first describe challenges in integrating different types of data and then focus on

?Ttnics . systematically exploring network properties to gain insight into network function. We also describe

nteractome

the relationship between network structures and function of elements that form it. Next, we highlight
the role of the interactome in connecting data derived from different experiments, and we stress the
importance of network analysis to recognize interaction context-specific features. Finally, we present
an example integration to demonstrate the value of the network approach in cancer research, and
highlight the importance of dynamic data in the specific context of signaling pathways.

© 2014 Elsevier Inc. All rights reserved.

Network analysis
Gastric cancer
Visual data mining

Contents

B R © ) 1 1 ol PPN 758
B 023 =V (o) o PP 758
3. Accurate representation Of OMICS data . . ... ...ttt ittt e et e et e e e 758
3.1.  Data collection and SEOTAZE . . ...t vt ittt ettt ettt e e e et e e e e e e e e e e e e, 758

3.2, DAt EXCNAN G . . . oottt e e e e e e e e 759

3.3.  Example difficulties in data @XChange . . . .. ...ttt e e e e e 759

4. Network VISUALIZAtION . . . ..o ottt 759
ST 25 U1 0 0] (IR 0 1 24 = o () o 760
5.1, New era in Pharmacology . . . . .o v vttt it ettt ettt et e e et et e et e e e e e e e e e e e e 760

LT €7 1 o y (ol o7 V3 PP 760

5.3. Illustrative network fOr astIiC CAMCET . . . . ..ottt ettt ettt e e e e ettt e e ettt et et et et ettt 761

5.4. Investigating the relationship between tetracycline and gastric cancer through network analysis. .. ........... ... ... ... ... ..... 761

6. Network structure—function relationsShip . . ... .. . o e e e 762
(20 DR [0 o) o] 53 6 <P 762
6.1.1.  Global NEtWOIK PrOPEItIeS . . . . ot ottt ittt ettt e e ettt e e e e e ettt et e e e e e 763

6.1.2.  Local NEEWOTIK PrOPOITIES . . . o o ot ittt ittt ettt et et e et e e e e e ettt e e e e e e e 763

6.2.  Computational Challenges. . . . . ...ttt e e e e e 764

7. Importance of the interactome in NEtWOTK analySis . .. ... ...ttt et et et ettt et et et 764
7.1.  Expansion of the kKnown human interactome . . .. ... ... ittt et ettt ettt et et et et et ettt 764

* Corresponding author at: Princess Margaret Cancer Centre, University Health Network, TMDT, Room 11-314, 101 College Street, Toronto, ON M5G 1L7, Canada.
E-mail address: juris@ai.utoronto.ca (L. Jurisica).
! These authors contributed equally to this work.

http://dx.doi.org/10.1016/j.bbrc.2014.01.151
0006-291X/© 2014 Elsevier Inc. All rights reserved.


http://crossmark.crossref.org/dialog/?doi=10.1016/j.bbrc.2014.01.151&domain=pdf
http://dx.doi.org/10.1016/j.bbrc.2014.01.151
mailto:juris@ai.utoronto.ca
http://dx.doi.org/10.1016/j.bbrc.2014.01.151
http://www.sciencedirect.com/science/journal/0006291X
http://www.elsevier.com/locate/ybbrc

758 C. Pastrello et al./Biochemical and Biophysical Research Communications 445 (2014) 757-773

2 I 131 (=) =Tl 0w Tl o34 0 T U 1 () o U P 764

7.3.  Benefits of iNtEractoOmMe EXPAnSION . . . . oottt ettt ettt et et et et e e e e e e e e e e e e e 764

74, INEETactOME DIASES . . ..ottt ettt et et et et et e e e e e e e e e e e e e e 764

% TR 10113 i (e (o) 1 T U | = Loy PP 765

7.6.  Comparisons of human interactomes aCroSs LM, . . . . .. vt it ittt ettt e e e et et et e e et ettt eaeaeanns 765

8. Power of network analysis to identify context-specific information ... ........ ... .. i e 767
8.1.  Context-specifiCity Of INTEIACtOMIES . . . . .ottt ettt ettt ettt e e e e e et ettt e e e e et ettt 767

8.2. A context application: modeling of signaling pathways. . . ... ... i et e e 768

LS B ) (T 111 T ) PP 769
ACKNOWIBA MBS . . . .ottt et ettt et ettt e e e e e e e e e e e e e 769

0 23 1S 1 Lol PP 769

1. Omics investigated with this type of approach. Relationships between

The suffix “omics” is appended to words describing a field of
study and usually involves large scale, comprehensive and system-
atic techniques. The first use of omics in this manner was genomics
[1], and the first international project to collect the most complete
data set, a building block for genomics was the Human Genome
Project, launched in 1990 and completed in 2003 (http://www.
genome.gov/10001772). The list of completed genomes includes
170 Eukaryota organisms, almost 3500 Virus and more than 2500
Bacteria (as listed in http://www.ebi.ac.uk/genomes/; last accessed
13th Dec. 2013). Comparably, there are 277 completed proteomes
for Eukaryota organisms, more than 1600 Bacteria and more than
1100 Virus (as listed in http://www.uniprot.org/taxonomy/com-
plete-proteomes; last accessed 13th Dec. 2013). Moreover, the
structure of more than 94,000 proteins across different organisms
has been described so far (as listed in http://www.rcsb.org/pdb/
home/home.do; last accessed 13th Dec. 2013; the organism with
the highest number of structures being Homo Sapiens).

Increasing data collections enable more comprehensive analy-
ses, but coping with this data deluge is not trivial. For example,
one mass spectrometry experiment can result in thousands to
hundreds of thousands of spectra for one sample [2]. Likewise,
next-generation sequencing produces millions of reads per sample
[3]. The amount of data being generated calls for uniformity,
standardization and optimized workflows [4]. Even if these are
very basic concepts, they are not as widespread as one would ex-
pect. For example, there are 338 protein-protein interaction (PPI)
databases, 243 metabolic pathway databases and 202 signaling
pathway databases (as listed in http://www.pathguide.org/; last
accessed 13th Dec. 2013) of which only some are in a format that
supports data interchange across databases. Navigating through
these vast resources can be challenging but integrating such data
is both beneficial and increasingly necessary.

2. Integration

The emergence of high-throughput (HT) assays shifted research
from hypothesis-driven exploration to data-driven hypothesis gen-
eration. However, generating substantially more data, HT methods
in turn led to shifting from predominantly using statistical tools to
depending on computational biology approaches, especially data
mining and machine learning algorithms, to aid data analysis and
interpretation [5,6]. As the number of omics disciplines grows,
and with them the amount of data, the combination of an increas-
ing number of different perspectives can give the scientist a more
complete (and more realistic) view of the system they are studying.
Now, the challenge is data integration, and in turn integrative data
analysis [7]. For example, integrating gene expression with copy
number variation data, mutation status, methylation profile
and microRNA targeting can highlight the key players in a
specific disease. Complex, multifactorial diseases can only be fully

these data and entities can effectively be represented as graphs.
Thus, network visualization and analysis is becoming one of the
key tools for integrative analysis.

3. Accurate representation of omics data

Data integration requires immense attention to information
representation, annotation and support for accurate data exchange.
Integrative computational biology supports modeling biological
processes using data integrated across many omics fields. To
address this, numerous data architectures have been established
to effectively and efficiently collect, store, annotate and exchange
data. These architectures vary in scope, intent, and standards
they use. They are continuously being updated to represent the
most current knowledge, and as such will contain inconsistencies
and incompletions. Often, researchers rely on one or many
such architectures to integrate pre-existing research with their
own, or to share their own results. Understanding the nature of
the architectures available as well as being able to accurately
specify which have been used is critical to reducing ambiguities
in this process, and improves the quality and utility of published
results.

3.1. Data collection and storage

Information in omics data changes frequently, arriving in the
form of peer-reviewed studies. These can be small-scale, hypothe-
sis-based studies with a small number of results, or wider scale HT
studies with thousands of results. Collecting and storing these
results has necessitated the use of many diverse omics databases.
These databases vary greatly in scope; for our purposes, they
address entities, relationships between them, and annotations.
Entity databases cover proteins, genes, small molecules, or other
biologically relevant objects, and include for example UniProt [8],
GeneCards [9], RefSeq [10], and DrugBank [11,12]. Relationship
databases describe how these entities relate to each other. These
include, but are not limited to, protein or gene interactions, drug
targeting, and biological pathways. Some examples include IntAct
[13], I2D [14-16], BioGRID [17], and KEGG [18]. IMEX consortium
[19] and PSICQUIC registry [20] are notable collections of interac-
tion databases that share representation and curation workflow
standards [19]. Annotation databases attempt to create indices of
terms and definitions. These terms are intended to unambiguously
describe entities or relationships between them, often structured
as an ontology, which further describes how terms relate to each
other in a standard way. Some examples include Gene Ontology
[21] and the numerous controlled vocabularies included in the
PSI-MI standard [22]. Some databases may rely on each other’s
standards: for example, UniProt and other sequence databases
may contain references to relevant Gene Ontology terms in their
records. Resources such as GeneCards [23] integrate heterogeneous
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and distributed databases for individual human genes, providing a
one-stop-shop for gene annotation.

The content of a specific database relates directly to the criteria
by which results are accepted. This varies from database to data-
base. Some may rely on human curation, which can have numerous
schemes, from a single reviewer to a requirement for several inde-
pendent reviewers to agree on data to include. Others may be en-
tirely dependent on computational methods, which vary in
accuracy. The consequence of these differing standards and
methodologies is that there is inter-database disagreement. This
is evident even in the conflicting sizes of omics databases; for
example, UniProt’s current release contains 20,274 H. Sapiens
SwissProt entries, which are reviewed before inclusion, as well as
114,645 H. Sapiens TrEMBL entries, which are unreviewed and
automatically annotated. In contrast RefSeq contains 68,897 H.
Sapiens proteins, both reviewed and unreviewed.

Another consequence of differing standards is that stored data
is heterogeneous between databases. For example, UniProt and
RefSeq entries are organized differently, and contain different
information. Accessing data for EGFR in UniProt and in RefSeq in
FASTA format, a standard for sequence [24], shows that while the
sequences match, different annotations have been included.
Differences such as these can be identified across all omics
databases. Researchers need to be aware that there is no ‘gold
standard’, and pay close attention to how information is entered
into the databases they may be using.

3.2. Data exchange

Being able to access and interact with data requires that it be
provided in an agreed upon standard. Many standards exist in
the omics disciplines, each shaped by the needs of researchers
and curators.

Simple information exchange, such as sharing a list of
molecules or molecule pairs, can be done through the use of data-
base identifiers. Most databases make use of unique identifiers,
such as the UniProt ID, Entrez ID or GO ID, to reference their
records. These identifiers are a desirable way to reference entities,
relationships, and annotations. However, before selecting what
type of identifier to use, the data architecture in which the origi-
nating database operates must be understood; many records in a
database may be superficially similar but referenced by different
identifiers. In addition, updates to the record may happen over
time, requiring the researcher to know which version of the data-
base they were using to get the same data in the future. Examples
of these difficulties will be examined in more detail below.

Lists of IDs are easy to edit and curate, but lack descriptive ability.
As the need for accurate descriptions of the data being exchanged
increases, there is a corresponding increase in the complexity of
the data format being used. This increase in complexity makes it
harder to edit and create data, and often necessitates the use of spe-
cialized software tools, such as validators and editors, to ease the
process. Some such formats are PSI-MI, BioPAX [25], KEGG’s KGML
[26], and SBML [27]. All of these formats were developed to address
specific needs, and these needs should be examined before
determining whether or not that format is appropriate for a partic-
ular exchange. PSI-MI [28], developed by the HUPO Proteomics
Standards Initiative, is an XML format that standardizes the
exchange of molecular interaction data. In comparison, BioPAX
and KEGG also contain molecular interactions, but differ in that they
go beyond binary molecular interactions, including interactions
that require more than two interactors, or may involve catalysts,
or inhibitors. This is an important and significant difference.

Intelligently choosing which standard to use for data exchange
is a process that requires familiarizing oneself with the options
available and comparing these with the needs of that exchange.

3.3. Example difficulties in data exchange

Neglecting to pay attention to data architecture in the research
process can lead to difficulties, particularly in the replicability of re-
ported results. To illustrate, we will examine the many possible
interpretations of a single protein - EGFR, epidermal growth factor
receptor. The short name is convenient, but can introduce problems
very quickly. For example, a search for EGFR in UniProt yields 409
genes and 42 proteins. There are multiple reasons why this
occurs; proteins that exist across multiple species share the same
name and variants of a protein do as well. The most accurate, unam-
biguous descriptor would be the protein’s sequence, but this is
cumbersome to use. Each UniProt record contains a sequence and
has a unique UniProt ID. A UniProt ID, for example P00533, a human
version of EGFR, is an efficient and almost unambiguous way to ref-
erence a protein. As our understanding of what sequence consti-
tutes a protein also changes over time; however, such IDs become
more ambiguous. When UniProt undergoes periodic updates, the
information associated with individual proteins as well as the
sequences that characterize them may change. P00533 had under-
gone 200 revisions since its first appearance in 1988, in version 9.0
of UniProt. Our reference to P00533 was retrieved from UniProt
version 2013_11. Documenting the version of a resource used is
an often overlooked but important step in data exchange.

Competing standards can make exchanges frustrating. For
example, a researcher might get a list of molecules of interest from
a colleague using NCBI Locus IDs and be asked to find relevant
drugs that target those molecules from the DrugBank database.
DrugBank records store targets using UniProt and GeneCard
identifiers. In UniProt, the entry for our example protein P00533,
contains 24 different relevant NCBI Locus IDs. Selecting from this
set of IDs manually using expert knowledge is the most accurate
way to translate between different database identifiers, but this
is time intensive and impractical, particularly when dealing with
hundreds or thousands of identifiers at a time. Some automatic
tools, such as DAVID [29], have been built to automate these
annotation and ID mapping processes. Results will vary from tool
to tool, even in expert manual translation; similarly for proteomics
databases, ‘gold-standard’ accuracy may not be possible.

These difficulties only cover a small portion of the confusion
that is possible when dealing with even the simplest forms of data
exchange. With complex data such as PSI-MI, these difficulties can
increase dramatically. Understanding that such issues may exist
with omics data, and becoming familiar with the nature of
databases and standards, user can limit ambiguity or confusion,
and help make results more easily replicable. Importantly, as doc-
umented in the Retraction Watch (http://retractionwatch.com/)
many, even high impact papers get retracted due to ‘sloppy data
handling’ or ‘inability to replicate results’. It is alarming, since we
are experiencing an exponential increase in retracted papers due
to these issues (Fig. 1A). Moreover, as highlighted in Fig. 1B,
patients seem to be the most affected by retracted publications.

4. Network visualization

Networks comprise nodes and edges, where individual entities
(e.g., genes, proteins, drugs) are represented by nodes, and
relationships between components are represented by edges
(e.g., phosphorylation, drug-targeting, transcriptional regulation).
Network visualization and analysis are powerful tools for integrat-
ing diverse data, and collecting and highlighting useful informa-
tion, in order to obtain an insightful representation of the system
being studied [30]. Network data integration is not immune to
pitfalls, either at the data integration level or at the network anal-
ysis one. More than ever before, the variety and quantity of data
continues to increase, and the tasks that need to be performed
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Fig. 1. Retracted papers from 1980 till 2013. (A) The figure shows the percentage of papers retracted over papers published for the same year. (B) The figure shows the
frequency of words in titles of retracted journals (created with Wordle http://www.wordle.net/).

are and will be changing. This highlights the need for network visu-
alization tools to be versatile and adaptive to change with data and
researcher’s needs [31].

Several tools have been developed to aid in managing big net-
works and extracting meaningful information from integrated
data, some more focused on molecular tasks and others more
flexible (recently compared in [32]). In this review we will show
how to integrate and visualize different types of data using
NAViGaTOR  (http://ophid.utoronto.ca/navigator), a scalable,
interactive network visualization and analysis system. To highlight
the power of integrative network analysis we collected diverse
datasets on Helicobacter pylori-derived gastric cancer, comprising
gene expression, methylation, copy number variation, microRNAs,
drugs, SNPs, protein interactions and pathways.

5. Example integration
5.1. New era in pharmacology

For several years the ‘one-target, one-drug’ paradigm has been
the principle driving research and development in different areas

of medicine and pharmaceutical sciences [33]. In recent years,
new technologies such as HT gene expression profiling [34] have
increased the molecular characterization of differences detectable
between healthy and disease individuals, allowing the identifica-
tion of a rising number of disease-related genes [35,36]. However,
we can observe limitations of genomic approaches to design new
therapies; in fact these methods usually deal with information
about changes in the expression level of individual genes. With
the recent advances in the omics area, viewing a drug target as part
of a complex network of interacting proteins, and modeling the
interaction of the drug with that entire network is a promising ap-
proach to manage the massive amounts of data and to improve our
understanding of the impact of chemicals in human health. In this
part of the review we present an example of a multifactorial
disease, such as gastric cancer.

5.2. Gastric cancer

Gastric cancer (GC) is the second most common cause of cancer
death worldwide [37], although the prevalence of gastric carci-
noma varies in different parts of the world [38] and among various
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ethnic groups [39]. The etiology of gastric cancer is multifactorial
including both dietary (alcohol, nitrates and salt intake) [40,41]
and non-dietary factors, including smoking, family history and
occupation [42-44].

Epidemiological evidence shows that the bacterium, H. pylori,
which infects 50% of the world’s population, leads to the develop-
ment of diffuse type gastric cancer in at least 1% of infected indi-
viduals [45,46]. The link between H. pylori infection and GC is
mainly constituted by chronic inflammation, which is recognized
as a major step in the initiation and development of several
tumors, including GC [47]. Moreover the microorganism produces
a variety of virulence factors (CagA, VacA) that may alter host
intracellular signaling pathways and lead to neoplastic transforma-
tion [48,49]. The development of gastric cancer is a complex,
multistep process starting from an inflammatory process with
the subsequent accumulation of multiple genetic and epigenetic
alterations in gastric epithelia involving oncogenes, tumor
suppressor genes, DNA repair genes, cell cycle regulators, and
signaling molecules. Besides bacterial-mediated effects on cell
proliferation and DNA integrity, H. pylori-induced aberrant DNA
methylation emerges as an important mechanism in stomach car-
cinogenesis [50,51]. Accumulating data have demonstrated that H.
pylori could also induce the production of microRNAs [52], known
to be crucial epigenetic regulators of immune responses [53] and
cancer development [54].

The identification of host genetic components associated with
the risk of this disease underlines that host factors can also
influence the pathogenic activity of the bacterium. The presence
of single nucleotide polymorphisms (SNPs) in several genes,
including cytokine genes, are able to differentially modulate the
production of inflammatory cytokines and influence the risk of gas-
tric cancer development among populations [55,56]. Although
diagnostic and therapeutic advances have increased survival, the
prognosis remains low mainly due to GC resistance to treatment
[57]. For this reason early treatment for the infection is considered
the key to prevent gastric cancer [58] and the use of antibiotics
(i.e., tetracycline) as chemoprevention is a highly debated topic
[59,60].

Taking into consideration factors that are involved in GC
development and the drugs currently used to treat the tumor
and H. pylori infection, we use an integrated approach to analyze
this tumor. The visualization of GC as part of a complex network
of interacting proteins and drug targets is helpful to better manage
the massive amounts of data and to improve our understanding of
the impact of pharmaceuticals on this disease.

5.3. Illustrative network for gastric cancer

There is extensive literature on gastric cancer and H. pylori, as
demonstrated by the 7338 papers returned from the search
“gastric cancer and Helicobacter pylori” in PubMed (http://
www.ncbi.nlm.nih.gov/pubmed/). We downloaded data from
select papers on the subject, where gene expression [61], methyl-
ation [62], copy number variation [63], microRNAs [64] and SNPs
[65] were profiled in H. pylori derived gastric cancer. We also
included data from two papers that conducted a network analysis
[66], and a pathway analysis [66] on the same type of tumor. In
addition, we collected information for drugs currently used to treat
gastric  cancer (from  http://www.cancer.gov/cancertopics/
druginfo/stomachcancer, accessed November 2013) and to target
H. pylori [67].

Since each data set collected had different formats and identifiers,
we converted individual gene identifiers to UniProt IDs using
DAVID Ver. 6.7 (http://david.abcc.ncifcrf.gov/). We used the IDs
to construct the network using NAViGaTOR Ver. 2.3 [32,68,69]
(http://ophid.utoronto.ca/navigator), retrieving all known protein-

protein interactions between them from 12D Ver. 2.1 [14,15]
(http://ophid.utoronto.ca/i2d). We then added microRNAs, linked
to their targets as described in the paper using mirDIP Ver. 1.1.2
[70] (http://ophid.utoronto.ca/mirDIP), and drugs, linked to their
known targets as collected from DrugBank Ver. 3.0. [11] (http://
www.drugbank.ca/).

The resulting network is shown in Fig. 2, and it illustrates key
players in gastric cancer derived from H. pylori infection, as high-
lighted by the integration of different datasets. We also performed
an analysis of all possible shortest paths and highlighted nodes
with a central role. For example, one of the genes included in more
than one dataset is EGFR, which is characterized by a high degree
and high centrality (i.e., high number of shortest paths running
through it). EGFR is a member of a family of cell surface receptor
tyrosine kinases (ErbB), and plays a crucial role in development
and progression of various human diseases. In particular, EGFR
has been demonstrated to phosphorylate and regulate several cel-
lular proteins and to initiate signal transduction cascades, involved
in cell proliferation, migration, invasion, metastasis, angiogenesis
and inhibition of apoptosis. Recent studies demonstrate the advan-
tage of chemotherapy combined with a monoclonal antibody,
trastuzumab, directed against another receptor which is a member
of the same family, HER2 [71] for advanced GC patients. In addition
to HER2, EGFR may also be a promising therapeutic target in
gastric cancer, as shown by EGFR expression in patients with an
advanced clinical GC stage or metastasis [72]. These data support
the hypothesis that EGFR may play a central role in the pathogen-
esis and prognosis of GC. The involvement of EGFR signaling has a
crucial role in development and progression of various human
tumors. Nevertheless the prognostic role of EGFR in gastric cancer
remains controversial [73,74], EGFR inhibitors (cetuximab) for
metastatic gastric cancer are currently under investigation [75],
and could improve status in at least a subgroup of GC patient.
Among the several pathways involved in GC pathogenesis, immune
system and inflammatory response play a major role, as
demonstrated by experimental data on animal models of H. pylori
gastritis and highlighted by our network analysis as well.

5.4. Investigating the relationship between tetracycline and gastric
cancer through network analysis

Tetracyclines are antibiotics commonly used against H. pylori
infection [76], responsible for the release of inflammatory media-
tors (TNFa, IL1B, IL6) by the host during infection. Epidemiological
data describe the inflammatory process to be involved in aberrant
DNA methylation during carcinogenesis [77]. Interestingly,
tetracyclines have anti-inflammatory activity, and may reduce
the risk of GC through anti-inflammatory effects that are indepen-
dent of their antimicrobial activity [78]. We investigated the
relationship between tetracyclines and GC by applying ‘flow
analysis’ to a human protein-protein interaction (PPI) network.

PPI networks can provide a better understanding of drug mech-
anism of action by linking drug targets with biological pathways
and known disease proteins. Applying flow analysis to a PPI net-
work helps identify specific proteins and interactions that are
likely modulated by a drug. Flow analysis has been previously
applied to biological networks to identify lethal proteins [79],
predict drug targets [80], and model gene regulatory networks
[81]. In our study, the human interactome downloaded from 12D
Ver. 2.1, was analyzed as an electrical circuit - interactions corre-
sponding to resistors, and the flow of biological signals modeled as
electrical current. Signals were propagated from protein targets of
tetracycline, obtained from DrugBank, to protein products of genes
associated with GC [82]. All interactions in the network were as-
signed a resistance of one. The flow algorithm considered all paths
in the networks between the start and end points, and calculated
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Fig. 2. Illustrative network. Network integrating different datasets from the literature for gastric cancer and H. pylori. Node colours: red, gene expression; yellow, copy
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up-regulated microRNAs, downwards triangles are targets of down-regulated microRNA. Width is proportional to all-pairs-of-shortest-paths measure. Height is proportional

to degree. Upper part of the figure: Immune system related genes (pathway most enriched in our network; p = 7.02e

scores for all interactions, indicating their importance for the flow
of signals. Each protein in the network was assigned the sum of the
scores of its interactions; thus, proteins with high scores were
considered the ones most strongly affected by tetracyclines. Our
analysis revealed that tetracyclines affect the same proteins that
are regulated via microRNAs, in response to H. pylori infection
[83]. Scores of these proteins were significantly higher than others
in the PPl network (Mann-Whitney U P-value = 6.4e — 10). The
resulting network is shown in Fig. 3, constructed from the illustra-
tive network (Fig. 2) and considering only shortest paths connec-
tions between drug targets-microRNA targets—gastric cancer
associated genes. Moreover, tetracyclines could moderate inflam-
matory response, reducing cytokine release by neutrophils and
macrophages, in particular TNFa and IL1B [84], that are present
in our network as important nodes of the connection among the
different elements involved in GC pathogenesis. These results
provide supportive molecular evidence for the use of tetracyclines
in H. pylori-infected patients, not only to eradicate the bacterium,
but also for their additional anti-inflammatory effects.

This shows that comprehensive data integration can identify
rational treatment options for patient subgroups, and network
modeling provides a useful strategy to fathom drug mechanism
of action.

6. Network structure-function relationship

The study of network structure has continued to be an active
research area in many domains. Many real-world data, can be
effectively modeled as networks. In this section, we focus on
network structure analyses in biological networks, and link it to
the function of these networks, components that form it, and the
complete biological system.

—17).

One important area of biological network research is compara-
tive network structure analyses. Despite the noise in current
biological data, network structure analyses bring forth relevant
biological insights such as lethality [85,86], protein functions
[86,87], properties of disease genes [88], and drug toxicity [89].
Several methods have been developed to compare different
conditions, such as differential gene expression approaches (e.g.,
[90-92]). Identifying individual genes that are differentially
expressed between different conditions e.g., normal versus disease
tissues, is useful. This approach has been widely used in deriving
molecular signatures, gaining biological understanding, and
hypothesizing new diagnostic as well as prognostic markers [93].
However, it has been shown that lists of differentially expressed
genes across studies have low reproducibility (e.g., [94]). Further-
more, useful prognostic signatures are not necessarily the most dif-
ferentially expressed genes [95]. Evidence is growing to show that
network-based approaches provide substantial benefits (e.g.,
[96,97]). Top-scoring sub-networks are shown to overlap well with
known regulatory mechanisms [98]. Sub-graphs are more repro-
ducible, and are better predictor for breast cancer metastasis than
individual genes [96]. Sub-networks are shown to be effective bio-
markers in aging prediction [97]. Comparing network structures
between different networks can provide novel insights. For
example, comparing network structures between context-specific
networks, condition-specific networks, time-specific networks
provides unique structural relationships to different contexts,
conditions, phenotypes, and spatio-temporal aspects.

6.1. Network properties

In order to compare and characterize complex networks, objec-
tive measures of network structure are needed. There are two main
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Fig. 3. Flow network. The work flow includes drugs and their known targets as collected from DrugBank (http://www.drugbank.ca/). The nodes of the network were
generated by integrating data about the GC profile including gene expression studies, methylation profile, copy number variation, microRNAs, SNPs, protein and pathways
involved in the disease. Flow analysis applied to a PPI network helps to identify specific proteins and interactions that might be modulated by a drug. Network based on flow
from tetracyclines to gastric cancer genes and highlighting the connection to genes targeted by microRNAs. Node colours: yellow, copy number variation; purple, SNPs; red
highlight, key pathways; pink, direct drug target; black, drugs. Upwards triangles are targets of up-regulated microRNAs, downwards triangles are targets of down-regulated
microRNA. Node size is proportional to centrality, as measured by all-pairs-shortest-path [184].

categories of network measures for biological network compari-
sons, global network properties and local network properties.
Global network properties examine the overall network, while
local network properties focus on local patterns of the network [99].

Basic definitions used in this section are presented. G(V, E) is a
graph (network) where V is the set of vertices and E is the set of
undirected edges [100]. u, v € V(G) are adjacent if there is an edge
between u and v, and u is a neighbor of ». A path in a graph
contained vertices that are ordered such that two vertices are con-
secutive in the ordering if they are adjacent. A shortest path
between u, v € V(G) is a path with the minimum length between
u, v, and the length of the shortest path between u and vis denoted
as d(u,v).

H is a sub-graph of G if V(H) C V(G), E(H) C E(G) and the end-
points assignment of edges in H is the same as in G. H is an induced
sub-graph of G if H is a sub-graph such that E(H) consists of all
edges that are connected to V(H) in G. A graph is connected if there
exists a path between u, v V u, v € V(G), otherwise, the graph is
disconnected. A graph is complete (also known as a clique) if there
exists an edge between u, vV u, v € V(G).

6.1.1. Global network properties

Global network properties that are often used in biological
networks include diameter, clustering coefficient, and centrality
measures. The diameter of a graph is the maximum d(u,v) V u, v
€ V(G). Often in large networks analysis, a diameter is the average
d(u,v) V u, ve V(G) [101]. The clustering coefficient, C, of the network
is the average of C, for all veV/(G) in the network, where C, is the

clustering coefficient for node v [102]. C, is defined to be 2f:y

where E, is the number of edges between all the neighbors of v,
and n, is the number of neighbors of ». The clustering coefficient
measures how connected are the neighbors of any node. Several
centrality measures have been applied to biological networks,
and two of them are the degree centrality and the betweenness cen-
trality. The degree centrality measures the importance of the role
vertex u plays in a graph by measuring the number of interactions
u is involved in. Let the degree of u be denoted as d(u),
d(u) = > iev(G)Cuis where e,; €E(G). The degree centrality of vertex u
is defined as Cy(u) =d(u) [103]. The betweenness centrality
measures the importance of vertex u in a graph by measuring
the proportion of paths between other vertices in G that u is
involved in [103,104]. The betweenness centrality of w is BC(w) =

Suvey 222 where Sy, is the number of shortest paths between u

and v, and S,,(w) is the number of shortest paths between u and
v that pass through w, and {u, v, w e V| u # v, v # w}.

6.1.2. Local network properties

Global network properties examine network properties of
entire networks, but more detailed network properties are needed
for comparing different networks. In this section, we discuss local
network properties, motifs and graphlets. Network motifs [105] are
small sub-graphs in a network such that when compared to
randomized networks, their structures appear significantly more.
Different motifs are found in different complex networks, for
example, the feed-forward loop, a 3-node motif, is found in


http://www.drugbank.ca/

764 C. Pastrello et al./Biochemical and Biophysical Research Communications 445 (2014) 757-773

transcription-regulatory networks, but the feed-forward loop motif
is under-represented in food webs networks [105]. Graphlets are all
non-isomorphic connected induced graphs on a certain number of
vertices [106], and by definition, they have the ability to capture
all the local structures on a certain number of vertices. There are
differences between graphlets and motifs. Motifs are dependent on
the randomization scheme, but graphlets are not as they do not have
to be over-represented when compared to randomized networks.
Several graphlet-based network properties have developed, and
one of them is the relative graphlet frequency distance (RGF-distance)
[106]. RGF-distance has been used to determine which random
graph model is the most accurate representation of PPI networks
[106]. RGF-distance measures the distance between two networks
using graphlet frequencies - a count of the number of graphlets of
each type (from 1 to 29) in a network. N;(G) is the number of gra-
phlets of type i, ie{1,...,29} in graph G, and T(G) = 3% N(G) is
the total number of graphlets in graph G. The relative frequency of

graphlets is defined to be %2, and the relative graphlet frequency

distance between graphs G and H is D(G,H) = 322, |Fi(G) — Fi(H)),
where F;(G) = — 1055%'

6.2. Computational challenges

Large network comparisons are challenging as comparing all as-
pects of networks involves the sub-graph isomorphism problem
which is NP-complete [107]. Given two graphs G and H as input,
the sub-graph isomorphism problem is to determine if there exists
a sub-graph in G such that it is isomorphic to H.

Since the sub-graph isomorphism problem is computationally
intensive, a reasonable method is to restrict the sub-graph size
for searching (e.g., [108,109]). Another method is to approximate
sub-graph frequencies instead of counting the exact sub-graph
frequencies (e.g., [110,111]). Furthermore, two heuristics to
efficiently estimate graphlet frequency distribution for high
confidence PPI networks and geometric random networks have
developed, Neighborhood Local search (NLS) and Targeted Node
Processing (TNP) [112]. The NLS heuristic searches for a specific
graphlet in the neighborhood of a randomly chosen vertex, and
the TNP heuristic reduces search space for graphlet enumeration.
The idea of TNP is to have an exhaustive search for graphlets in a
small part of the network, and the graphlet frequency distribution
obtained from the exhaustive search is used to estimate the
graphlet frequency distribution of the entire network.

7. Importance of the interactome in network analysis
7.1. Expansion of the known human interactome

From 2003 to 2013, the number of known human interactions
has increased more than 3-fold. The known interactome has

become an important resource for applications such as prediction
of protein function [113], prediction of disease genes [114], and
multiple aspects of drug development [115]. However, the rapid
growth of the known interactome comes with caveats: the
network is influenced by biases and the accuracy of many interac-
tions is in question. Here, we briefly review how the interactome
has expanded, the accompanying benefits and continuing
challenges. We focus on the interactome in the 12D database.

7.2. Interactome expansion

The known human interactome began in the 1960s (Fig. 4).
Interactions were identified by methods such as co-immunopre-
cipitation and affinity chromatography, often used in combination.
Individual studies using small-scale screens, usually identified less
than 20 interactions but by the year 2000, 13,363 interactions had
been identified through 11,390 studies. From about 2002, HT stud-
ies began to identify human PPIs. Individual studies identified up
to 6463 PPIs using methods such as HT yeast 2-hybrid, protein
arrays, and HT mass spectrometry-based methods {Ewing, 2007
#32108}. From 2001 to 2013 the number of interactions increased
more than 5 times, with over 56,000 coming from HT studies. Since
mass spectrometry-based methods report protein complexes, the
number of binary PPIs they contribute can be difficult to assess.
Typically, complexes are converted to binary interactions using a
spoke model, where the bait interacts with all complex members,
which can be an overestimation.

7.3. Benefits of interactome expansion

The completeness of the known interactome is critically impor-
tant for tasks such as prediction of disease genes and drug targets.
The percentage of disease proteins and drug targets in the known
interactome has increased from about 65% in 2003 to 88% in
2013 (Fig. 5). Interestingly, most of these proteins were added to
the interactome through small-scale screens.

7.4. Interactome biases

The known interactome is not a random subset of human PPIs;
certain types of interactions and proteins are over-represented
while others are significantly deficient. This is largely a conse-
quence of research bias and limitations of PPI detection methods.
Research bias has been an important problem in proteome and
interactome research; most studies focus on a relatively small
number of proteins that have been previously investigated [116].
Studying such proteins is often less risky, less time consuming,
and cheaper. Since the functions and disease relevance of these
proteins may be partially known, it is easier to formulate hypoth-
eses about them, design short term studies, and procure funding. In
addition, experimental tools and protocols may be available for
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Biases in the known interactome have led to controversy in the
80 | — drugtargets interpretation of network structure [119]. Many studies have
“‘,,,3 disease proteins drawn biological conclusions from topological analysis of network
£ 60 structure. For example, central nodes have been associated with
° 40 essentiality [85], and the observed scale-free structure of some
o networks has been interpreted as a strategy that confers robust-
og 20 - ness to PPI networks [120]. However, several studies have shown
that these properties of PPI networks may be due to biases [121].
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Fig. 5. Percentages of drug targets and disease proteins in the known interactome,
by year. Drug targets were obtained from DrugBank, version 3.0 [11]. Disease genes
were obtained from the DOLite database (http://django.nubic.northwestern.edu/
fundo/download), the Genetic Association Database (GAD) [185], and the Compar-
ative Toxicogenomics Database (CTD) [186].

studying the proteins [116]. Consequently, research bias has had a
profound impact on the growth of the interactome. New interac-
tions have typically been identified between proteins that already
have known interactions (Fig. 6); about 1/3rd of human proteins
remain absent from the known interactome - resulting in interac-
tome orphans. The number of new proteins being added to the
interactome through small scale screens has stopped increasing
since about 2003 (Fig. 7).

While research bias has been primarily a problem for small-scale
studies, HT screens have their own biases. They tend to detect inter-
actions involving proteins that are older, more conserved across
species and highly expressed; other types of interactions may be
poorly detected [117]. For example, Tandem Affinity Purification
is less efficient for transient interactions, or interactions involving
short or low abundance proteins [118]. HT studies have integrated
many new proteins into the known interactome, especially in 2005,
but their contributions have not been increasing (Fig. 7).

7.5. Interactome accuracy

Assessing the accuracy of PPI networks has been an ongoing
challenge, as most evaluation strategies are subject to their own
biases. Several studies evaluated PPIs based on assumptions about
the properties of interacting protein pairs: shared localization and
function, and correlation of encoding gene pairs [122,123].
However, localization and function information is less effective if
proteins are poorly annotated, or tend to migrate between cellular
compartments. Correlation of encoding gene pairs does not hold
for transiently interacting proteins [124]. Some studies have eval-
uated PPIs based on reference sets comprising trusted interactions;
typically interactions detected multiple times. However, such
interactions usually comprise proteins that are frequently studied
[119], and are devoid of interactome orphans.

7.6. Comparisons of human interactomes across time

As discussed above, the size of human interactomes has grown
enormously over the last decade. The growth from 1967 to 2013
can be compared using graphlet distributions, and data from I2D.
As mentioned before, graphlets are all non-isomorphic connected
induced graphs on a certain number of vertices [106]; they have
the ability to capture local structures. Fig. 1 in [106] reviews all
29 3- to 5-node graphlets. Graphlet numbers increase monotoni-
cally with the number of edges between the 5 vertices. For each
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Fig. 8. Graphlet percentage frequencies in human PPI every 5 years, from 1975 to 2010.

human PPI network, G, a count of the number of graphlets of each
type (1 to 29) is computed using GraphCrunch 2 [125]. N{(G) is the
number of graphlets of type i,ie{1,...,29} in graph G, and
T(G) = 3-2°,Ni(G) is the total number of graphlets in graph G. The
graphlet percentage frequency is %g)) x 100.

Fig. 8 shows graphlet percentage frequencies for every 5 year,
from 1975 to 2010, and Fig. 9 shows graphlet percentage
frequencies for the last 5 years. The graphlet percentage frequency
distributions for 2010 to 2013 are fairly similar, but the distribu-
tions are different from 1975 to 2010.

In Fig. 8, graphlet No. 9 is substantially more frequent in
1995-2005 than 1975-1990. Graphlet No. 9 is a linear line, and
there is a huge increase in both the number of proteins and the
number of PPIs (Figs. 6 and 7) in 1995-2005 when compared to
1975-1990; thus, the increase of graphlet No. 9. 2010 has the
lowest percentage of graphlet No. 9 which is not surprising as from
2006 to 2010, most edges that are added to the graphs consist of
vertices that are already in the graphs (Fig. 6). A similar trend is ob-
served for graphlet No. 10, which resembles graphlet No. 9 - linear
line with a “v” shape at one end.

In Fig. 8, the peak is at graphlet No. 11 for 2010, a huge increase
from 2005. Graphlet No. 11 accounts for 69.36% of graphlets in
2010, and this trend continues for years 2010-2013 (Fig. 9).
Graphlet No. 11 has 5 nodes and 4 edges, the same number of
nodes and edges as graphlet No. 9 and 10. The difference is that
one node in graphlet No. 11 has degree 4, which connects to all
other nodes in the graphlet. Many factors can lead to the huge
increase of graphlet No. 11 from 2005 to 2010. For example,
trivially, graphlet No. 11 can be formed by adding edges to the

graph such that one of their vertices is already in the graph, but
the other vertex is not. Graphlet No. 11 can also be formed by add-
ing edges to the graph such that both of their vertices are already
in the graph. For example, edge e consists of vertices a and b, a and
b are already in the graph but belong to different components;
graphlet No. 11 can be created by adding e, which connects differ-
ent components in the graph. From 2006 to 2010, there are many
edges that are added such that both of their vertices are already in
the graph (Fig. 6). Interestingly, there are 257 connected compo-
nents in 2005 and 145 components in 2010. Furthermore, the size
of the giant component increases; from having 10,258 nodes and
51,065 edges in 2005 to having 13,462 nodes and 97,637 edges
in 2010. This analysis suggests that recently the tendency is to
study new interactions between old proteins, especially focusing
on proteins already well-studied. It also demonstrates the bias in
protein interaction studies and suggests that we are far from
improving our knowledge of the role and function of interactome
orphans (Fig. 6).

The decrease in graphlet No. 9 and graphlet No. 10 for 2010 is
not surprising as the number of edge to node ratio increases from
1.24 to 7.38 from 1975 to 2010. Due to the change in the edge to
node ratio from 1975 to 2010, a natural question to ask is: are
there higher percentages of denser graphlets in 2010 than in earlier
years? Fig. 8 shows that this is not the case. 2010 has low graphlet
percentage frequencies for dense graphlets as the edge to node
ratio is not high enough for a high percentage of graphlets to be
dense. Interestingly, there are higher graphlet percentage
frequencies for graphlet No. 14, 16, and 17 in 1975-1990 than in
1995-2010. In the early years, experiments were focused around
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Fig. 9. Graphlet percentage frequencies in human PPI over the last 5 years.

a small number of proteins that were of interest resulting in some
denser regions.

There are some graphlets that have low percentages throughout
all these years. For example, graphlet No. 12 to 16 all have 5 nodes
and 5 edges; the percentage graphlet frequency for graphlet 15 is
low from 1975 to 2010, but this is not the case for graphlet No. 14
or 16. The observation suggests that some graphlets are rarer in
PPI networks. Graphlet No. 15 is a ring with 5 nodes and 5 edges.
For example, it is not likely for a lot of graphlet No. 15 to be present
in signaling pathways as signaling pathways usually have more
redundancy between proteins than having just a ring between them.

8. Power of network analysis to identify context-specific
information

8.1. Context-specificity of interactomes

While the current interactome maps serve as a rich resource in
systems and molecular biology research, interpreting them is chal-
lenging partly due to the lack of information about the dynamics or
‘context’-specificity of the PPIs. The notion of ‘context’ can cover a
wide range of details about the conditions that allow the PPI to
form, e.g., organism, tissue, cell type, disease stage, cellular
compartment, biological process, time point, etc. However, global
PPI maps in their present form lack this information as they are
the result of combining the PPIs that have been captured in
artificial HT settings (e.g., yeast-two-hybrid systems) or manual
curation of the low-throughput studies without including annota-
tions about the conditions of the experiments. In the past decade

we witnessed increased interest in knowledge about the context
of the PPIs.

While widely used low-throughput methods still serve as an
important resource for uncovering detailed PPIs, their context,
and their mechanisms [126,127], developing HT systems for
screening context-specific PPIs are growing fast [128-131]. In an
earlier effort in applying HT screens to identify function-specific
PPIs, Lehner and Sanderson have applied yeast-two-hybrid screens
to identify PPIs and complexes that contribute to mRNA deregula-
tion [132]. In more recent efforts, Behrends et al. used mass spec-
trometry to extract a network of autophagy PPIs [133] (process
specificity), Hegele et al. applied yeast-two-hybrid to identify PPIs
specific to the spliceosome [134] (cellular compartment specific-
ity), and Li et al. combined mass spectrometry and machine
learning to describe the network of EGFR interactions and its core
in different EGFR-mutated lung cancer cell lines [135] (tissue/cell
type specificity). Although as soon as these PPIs get published, data
curators for global PPI maps include them into the global networks,
no major effort so far has been made to publish a compiled library
of the context-specificity of such PPIs.

The second class of approaches for adding context to the PPI
networks includes computational methods that predict the context
by systematic integration of different sources of biological infor-
mation. The first premise behind most of these methods is that
in order for a PPI to form, the two proteins need to be present in
the same environment [96,136]. Besides, knowledge about the
RNA-sequences of the interacting proteins and functional
relevance between protein pairs have been used to predict the
context of the PPIs [130,131,137].
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Table 1
Resources for context-specific PPIs.

Resource Context Reference  Data types (sources) # Of covered PPIs  Data availability Web service
Bossy and Lehner Tissue PMID: PPIs, BioGPS, 80,923 Tab delimited file NA
(2009) 19357639 (Experimental and  through journal
interologs)
TissueNet Tissue PMID: PPIs, BioGPS, ProteinAtlas, 67,439 (11,225 Only web query Query
23193266 RNA-seq data Proteins)
HIPPIE Tissue, subcellular locations, PMID: PPIs, BioGPS, GO >97,000 Tab delimited (only Query
biological processes 23300433 Annotated PPIs PPIs and their (tissue-
sources) specificity)
HCPIN Cancer (structure-function PMID: Pathways, physical PPIs, 9784 (2978 Only web query Query
information for the human 18487680 Cancer Gene Census Proteins)
cancer protein interactome) Database
cisPIN Cancer (interface information PMID: PPIs, PDB CSPIN: 3221 NA NA
about interactions of cancer 20011507 (1303 proteins)

proteins)

Gene expression datasets are the most widely used resource
whose integration with PPI networks has resulted in prediction
of context-specific PPl networks. This approach has shown promis-
ing results in extracting tissue-specific PPI networks and analysing
their properties [136,138-142]. Many of such works use gene
expression data from BioGPS [143]. Also prediction of cell type
(e.g., healthy versus disease cells) specific interactomes through
this strategy combined with graph mining algorithms has shown
potential in improving our understanding of molecular modules
behind cellular processes and functions [97] as well as disease clas-
sification and prediction of disease outcomes [96]. While these ef-
forts show the increased interest and improvements in identifying
or inferring context-specificity of the PPIs, most of these methods
have been applied to only one or a few conditions. More recently
some groups have initiated compiling larger sets of predicted
context-specific PPIs whose summary is shown in Table 1.

8.2. A context application: modeling of signaling pathways

Modern HT and multiplex experimental technologies have
enabled near-complete identification of the total ‘parts’ compen-
dium of the bio-molecular signaling machinery. Coupled with
innovations in high-speed and high-content microscopy and as
well, with advancements in image-processing, expansive vistas in
information space have opened that may shed new light on how
signaling mechanisms govern biological and pathological
responses [144,145]. However, this progress has come at the
expense of significant new challenges in data analyses and man-
agement and perhaps most significantly, in data interpretation
[146]. The sheer density and scale of detailed information at the
level of individual ‘parts’ has stressed a need for understanding
function at the level of pathways and networks and more impor-
tantly, to identify their relation to phenotypic or pathological
endpoints. Uncovering the functional basis of pathways and
networks will be essential for achieving the therapeutic goals of
medicine and drug discovery.

The need to understand signaling at the level of pathways and
networks has motivated the study of large-scale PPI networks that
are generally broad in scope and highlight influences and connec-
tions between nodes in the system of interest, but their abstract
nature, especially at initial assembly stages, provides limited
mechanistic and functional insight. In attempts to increase func-
tional insights, networks specific to cell types or states have been
created as mentioned before. Some of these strategies were high-
lighted in the development of a 263-node mutant EGFR interac-
tome in lung cancer [135] starting from a subset of 102
networked proteins on the basis of their annotation to the ErbB,
MAPK, apoptotic and cell-cycle pathways [135]. A functional

lethality screen using siRNA directed against this 102-protein sub-
set narrowed it to a core set of 14 survival-associated proteins,
which when associated with drug networks, led to the identifica-
tion of anti-resistance compounds. Although the network model
was initially enabled by use of large MS-based interaction data
sets, functional and therapeutic insights were facilitated by prior
knowledge in a specific biological system of interest. Similarly, a
novel PPI screen (MaMTH) has led to identification of novel
L858R EGFR mutant-specific interactions, opening new possibili-
ties for understanding pharmacological response to Erlotinib.
Other approaches in the study of cell signaling have involved
so-called ‘data-driven’ modeling approaches, which depend on in-
put from information-dense signaling data sets [147]. Data-driven
models employ statistical inference techniques such as clustering,
principle component analyses, and partial least squares regression
to predictively relate signaling state(s) to various phenotypic end-
points [147-149]. Hence, inference modeling approaches provide
greater functional insights compared to network models derived
from single- or multi-dimensional interaction data, albeit at the
expense of network size. The applicability and utility of inference
modeling is highlighted by a study in which partial least square
analysis of data sets harboring 7980 intracellular signals and
1440 cell responses identified signaling metrics predictive of cyto-
kine-induced apoptosis [148]. Inference methods have also been
used to directly assemble network models using functional signal-
ing data sets generated by proteomic technologies [150,151]. One
such study used primary hepatocytes and hepatocellular
carcinoma cell systems to show differences in network topology
representative of differences in inflammatory signaling between
the systems [151]. Multi-linear regression analyses of approxi-
mately 26,000 protein-state measurements derived from growth
factor/cytokine signaling experiments was used to infer the differ-
ences in networks. The latter approach represents an alternative
biochemically-focused approach to network construction capable
of providing bona-fide functional insight. Inference modeling
approaches have now emerged as a standard approach in sys-
tem-based analysis of signaling networks [147]. Their principle
strengths lie in providing strong functional insights through corre-
lations between the dynamic state of the signaling network (as
discrete signal metrics) and a particular cell state or response.
Knowledge-based physiochemical models (PM) are commonly
used for studying the dynamical behavior of signaling pathways
and networks. PM models use established physiochemical theory
to represent signal changes (i.e.,, phosphorylation and protein
interactions) as sets of ordinary differential equations [152]. They
rely strongly on prior biochemical knowledge and require
extensive calibration by quantitative kinetic data sets [152]. PM
models have been termed mechanistic models because they
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capture higher-levels of mechanistic detail by explicitly simulating
the dynamical continuum of biochemical interactions and post-
translational modifications taking place in space and time. Simula-
tions have revealed emergent behaviors or functions of the system
not apparent from topology alone [153]. PM models therefore
harbor significantly better mechanistic and predictive capacity
relative to network or inference models, and have been broadly
employed for studying the temporal mechanisms by which cellular
signal systems operate at the pathway and network level [154-165].

Currently, PM/mechanistic models are constrained in scale for a
number of reasons; these include: (1) availability of time-resolved
biochemical and genetic data; (2) the requirement for resource-
and time-intensive, experimentally-integrated iterative develop-
ment processes; (3) combinatorial explosions in the number of
distinct species and species-states generated during pathway and
network simulation [166]; and (4) a requirement for extensive
prior biochemical knowledge. Development of HT MS-based
phosphoproteomics [167], protein microarray technologies [168]
and in cell immunocytochemical [149] approaches are making
inroads towards generating larger quantities of kinetic data sets
and integrating them efficiently into iterative systems-level
development processes [169].

Similarly, the recent development of rule-based modeling
approaches hold promise for dealing with the combinatorial
explosions of molecular states possible during signal transduction
[166,169,170]. These factors may propel PM models towards bring-
ing their full capacity for mechanistic insight and predictive poten-
tial closer to omic scales of complexity in the not too distant future
[152]. By way of comparison, static network modeling approaches
already incorporate data on omic scales, and arguably, have almost
reached their threshold capacities of prediction and mechanistic
insight [152]. In time, PM models have been envisioned to
realistically simulate signaling behavior, to make significant
contributions to multi-component therapy development and to
become economical and efficient components of preclinical testing
[164,165,171,172]. In the interim, transitional modeling frame-
works have been proposed. Boolean modeling approaches, which
have previously been used to study metabolic and genetic regula-
tory networks [173-175], constitute one potential approach by
which to bridge the gap between static network and PM signaling
models [176-180].

Integrated modeling approaches have also been proposed in
which new biological relations are inferred from large-scale
omic-level networks and subsequently used to inform mechanistic
simulations aimed at elucidating underlying drug-effect mecha-
nisms in normal and disease pathways [181]. The latter examples
mark the emergence of new efforts in network biology research
involving a switch from static to dynamical network analyses. This
new area of research will herald a significant increase in our under-
standing of the basis of cell response and behavior in normal and
disease contexts [182].

9. Discussion

The development of new HT experimental approaches has been
generating increasingly massive and complex genomic and proteo-
mic data sets since 1990, when the Human Genome Project started.
Ever since medical and biological research has needed a different
approach to evaluate results and elaborate hypothesis. Although
now researchers could obtain a more complete and accurate vision
of a disease using multiple heterogeneous and distributed
resources, a new challenge is to resolve the differences among
these databases, including the identifiers, confidence and context.
For example, knowing that two proteins interact, the question
remains whether the experiment was done with constructs of
the same species, whether full-length proteins or variants were

used, and in which cells and under what conditions was the inter-
action detected. Comprehensive curation efforts address these is-
sues systematically for all reviewed interactions [19,20,183], but
more data exist in literature, beyond what manual curation can
handle at this time. Some database interfaces are quite complex
and not suitable for biologists that usually prefer easy to use tools.
Importantly, databases that are geared towards biologists fre-
quently do not support bioinformatics workflows and thus are
not suitable for integrative computational analyses.

The development of network visualization has improved the
possibility to represent complex phenomena, such as multi-genic
human disease, in a more intuitive way. Moreover, computational
studies have supported biomedical research improving measure of
network properties, and supporting a reliable integration and com-
parison among different biological networks. However, considering
that network analysis applied in the study of PPI uses available
interactomes, other caveats remain to be overcome, such as inter-
actome biases, orphans, and the accuracy and context of reported
interactions. The sources of PPl include small- and large-scale stud-
ies often without reporting the experimental conditions, limiting
in some case the robustness of PPI analysis. Data curators are
involved in the effort to overcome this bias by including all infor-
mation available to create a context-specific interactome resource,
as reported above. In order to improve network mechanistic and
functional insights integrated modeling approaches have been
developed to better elucidate multifactorial disease and possible
drug effects. An integrated PPI network could be useful to study
multi-genic disease, where several omics datasets are integrated
to generate hypotheses, as highlighted in our gastric cancer
example. Moreover, applying the flow analysis to PPI network
has improved the identification of specific proteins and interac-
tions that are modulated by drugs, showing how network analysis
might improve our knowledge of disease mechanism and suggest
alternative strategies for treatment.
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