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Abstract

In this chapter, we introduce interaction networks by describing how they are generated, where 

they are stored, and how they are shared. We focus on publicly available interaction networks and 

describe a simple way of utilizing these resources. As a case study, we used Cytoscape, an open 

source and easy-to-use network visualization and analysis tool to first gather and visualize a small 

network. We have analyzed this network’s topological features and have looked at functional 

enrichment of the network nodes by integrating the gene ontology database. The methods 

described are applicable to larger networks that can be collected from various resources.
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1. Introduction

A gene interaction network is a set of genes (nodes) connected by edges representing 

functional relationships among these genes. These edges are named interactions, since the 

two given genes are thought to have either a physical interaction through their gene 

products, e.g., proteins, or one of the genes alters or affects the activity of other gene of 

interest.

The functional products of genes, e.g., proteins, work together to achieve a particular task, 

and they often physically associate with each other to function or to form a more complex 

structure. These interactions can be long lasting, such as while forming protein complexes, 

or brief, when proteins modify each other such as the phosphorylation of a target protein by 

a protein kinase. Since these interactions are important to carry out most biological 

processes, knowledge about interacting proteins is crucial for understanding these biological 

functions, which can be easily done via studying networks of these interactions.

Besides these physical interactions, there are genetic interactions, in which two gene 

variants have a combined effect that does not manifest itself with only one of them alone. 

These genetic interactions are also measured at high throughput. There are two general 

categories of such interactions: synthetic lethal interactions and suppressor interactions. 

Synthetic lethal interactions are caused when two nonessential genes combine to form an 

overall lethal effect, and suppressor interactions occur when a lethal variant of one gene is 

“negated” by that of another gene. These types of interactions are essential in understanding 

HHS Public Access
Author manuscript
Methods Mol Biol. Author manuscript; available in PMC 2016 March 11.

Published in final edited form as:
Methods Mol Biol. 2012 ; 850: 483–494. doi:10.1007/978-1-61779-555-8_26.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



pathways and regulation in model organisms (1–3), as well as providing insight into 

complex diseases (4).

In recent years, high-throughput methodologies, such as the yeast two-hybrid (Y2H) (5–7), 

co-immunoprecipitation followed by mass spectrometry (8, 9), or tandem affinity 

purification (TAP) (10), have been widely used to identify physical protein–protein 

interactions for a wide range of organisms. In addition, genetic interactions were mapped for 

humans in high-throughput drug screens (11) and for many organisms (12).

As a result, in the past decade, the number of known protein–protein interactions has 

increased significantly, and various public databases were created to share these findings. 

There are also computational approaches that are used to predict protein–protein 

interactions. These utilize genomic data to establish a structural or evolutionary link among 

protein pairs (13, 14) or predict novel interactions by analyzing known interactions (15–17).

Almost all of the interactions that are discovered through experiments are collected in public 

databases. While fairly new, these databases constantly grow in size and present protein–

protein interaction data for multiple organisms. Initially, these databases independently 

collected their datasets. However, now through the International Molecular Exchange 

Consortium, these databases keep a nonredundant set of protein–protein interaction data 

from a broad taxonomic range of organisms. Moreover, these databases commit to providing 

these datasets in standard file formats, such as MITAB or PSI-MI XML 2.5. Currently, the 

databases listed in Table 1 are actively producing relevant numbers of records curated to 

these standards and provide these via the Proteomics Standard Initiative Common Query 

Interface (PSICQUIC) service.

These databases maintain interactions that can be all encompassing, such as IntAct, MINT, 

and DIP, organism centric, such as BioGrid or MPIDB, or biological domain centric, such as 

MatrixDB. However, regardless of the database, these interactions are available in 

standards-compliant, tab-delimited, and XML formats. Currently, these databases carry 

some redundancy. However, as the data collection pipelines for each database is established 

and with the implementation of an internal data management system, access to interaction 

datasets will be more robust.

Visualization and analysis of these interaction networks is also essential for researchers. In 

recent years, a variety of software for various platforms has been introduced, such as 

Cytoscape (18), Osprey (19), Pajek (20), etc. These pieces of software can visualize the 

networks by employing graph layout algorithms and displaying data attributes as well as 

visual mappings (e.g., protein images, coloring). Moreover, via filters and plug-ins, they 

analyze these networks and assist in integration of external data sources such as gene 

ontology (21, 22).

In this chapter, we will build an interaction network using one of these databases as a 

resource. We will visualize the network and analyze it using an open source (and free), 

platform-independent network browser Cytoscape (18). We will first acquire a publicly 

available interaction dataset. We will then visualize this network, analyze its network 

properties, and, using available plug-ins, check its functional enrichment. In the near future, 
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we will have access to more centralized systems for maintaining and storing these datasets, 

so this approach can be easily extended to multiple datasets, extending its use for biomedical 

research.

2. Methods

IntAct, a network database maintained by EMBL-EBI, hosts almost 300,000 binary 

interactions shared among more than 50,000 proteins (23). In this chapter, to establish an 

easier example to follow, a small dataset from IntAct will be acquired and analyzed. The 

same methodology can be extended to larger datasets as needed.

2.1. Acquiring Datasets

The IntAct database of protein–protein interactions can be accessed freely through the 

IntAct Web site (http://www.ebi.ac.uk/intact). The whole database can be downloaded in 

PSI-MI XML or PSI-MI TAB format or can be queried for a list of proteins via a Web 

interface. Databases mentioned in Table 1 provide similar services. IntAct also provides 

analysis tools with documentation. In this chapter, a more general approach, applicable to a 

wider number of datasets, is described.

All interactions in IntAct are derived from literature curation or direct user submissions. 

IntAct provides these datasets in smaller chunks as well. For a list of highlighted datasets, 

please visit IntAct’s Dataset of the month archive (24). In this chapter, as an example, we 

are going to download and analyze the interactions submitted in support of a study that 

targeted the phosphatidylinositol 3-kinase-mammalian (PI3K-mTOR) pathway (25). As 

shown in Fig. 1, the dataset can be accessed in multiple formats. The basic plain text version 

(PSI-MI Tab) will be used for simplicity.

After downloading the dataset, simply open the dataset in a text editor or spreadsheet editor. 

The tab-delimited file is organized as a table, where each line describes an interaction (an 

extended edge list). Each record contains many fields that describe the interaction. For 

visualization purposes, the gene name field is preferred, since most genes/proteins are 

annotated with these names. To be able to load this file into Cytoscape, using the Find–

Replace function of the editor, remove “uniprotkb:” and “(gene name)” texts from the 

records. Essentially, an edge list with two columns that have gene names is created. Similar 

datasets can be generated. Although there are means to import the xml dataset into 

Cytoscape (see Note 1), the example will focus on the flat file for applicability to other 

databases or sources.

1As data integration and analysis can become challenging, datasets may not always be grabbed and used as easily. For those who are 
not as computer savvy, the data collection and visualization described can be facilitated through additional plug-ins.
For instance, Cytoscape can also work as a web service client. This means Cytoscape can directly connect to external public databases 
and import network and annotation data. Currently, Pathway Commons (32), IntAct (33), BioMart (34), NCBI Entrez Gene (35), and 
The Protein Identifier Mapping Service (PICR) (36) are supported through Cytoscape. As more standards are established and accepted 
throughout the research community, the number of databases accessible likewise should increase. Moreover, databases such as the 
BioGRID (37) developed their own plug-in for Cytoscape, BiogridPlugin2, to import interaction data sets into Cytoscape (note that 
BioGRID is a Prospective IMEx consortium member).
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2.2. Visualizing Interaction Networks

Cytoscape is a platform-independent application (http://www.cytoscape.org) (18). The open 

source software supports many standard network and annotation file formats, including 

Simple Interaction Format (SIF), XML-based BioPAX, PSI-MI, SBML, etc. The software 

can also load delimited text files and MS Excel™ Workbooks. In this chapter, loading text 

files is described to ensure the applicability of this methodology for various data sources.

Moreover, Cytoscape can also import data files, such as expression profiles, GO annotations 

generated by other applications or spreadsheet programs, or images for nodes. Using these 

features, you can load and save arbitrary attributes on nodes, edges, and networks. For 

instance, you can input a set of custom annotation terms for a protein (26), create a set of 

confidence values for protein–protein interactions, and filter them later in the software (27).

Cytoscape can establish powerful visual mappings across systems biology, genomics, and 

proteomics data. It supports advanced analysis and modeling via specific plug-ins that can 

be installed with one click. Also, visualization and analysis of human-curated pathway 

datasets such as Reactome or KEGG is possible.

After launching the software, make sure that the plug-in required for this chapter, Bingo, is 

loaded. If not installed, Bingo can be installed through the Plug-in Manager under the Plug-

ins menu (search for Bingo and click install the latest supported version).

The network prepared in Subheading 2.1 can be loaded by clicking Import > Network 
From Table (Text/MS Excel)… under the File menu. The dialog box shown in Fig. 2 will 

ask for columns to be picked. As the file is altered, the gene names will correspond to 

columns 3 and 4. First, click on the Show Text File Import Options for more options. 

Since the first line is headers, ignore the first line by incrementing the Start Import Row to 

2. Next, select column 3 and column 4 for source interaction and target interaction drop-

down lists. This should highlight the preview as shown in the dialog box (Fig. 2). The 

network should load after the import button is clicked. The user can manipulate the network 

by selecting and dragging the nodes or alter the layout using the Layout menu. For further 

details of the available layouts and options, please refer to the software documentation. In 

this example, the network is shown in yFiles > Organic layout found under the Layout 

menu.

2.3. Analyzing Interaction Networks

In order to gain more insight about the network, a number of network analyses can be 

performed. Network Topology gives an overview of network topological features, including 

diameter, degree distribution, shortest path distribution, and clustering coefficient of the 

interaction network. A path in a protein–protein interaction network is defined as a list of 

nodes where each node has an edge to the next node. The shortest path is the shortest path 

from one node to another in the network. The diameter of the network is defined as the 

maximum value of distance of the shortest path over all pairs of distinct nodes in a graph. 

These values are mostly used to see how connected a network is.
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The degree distribution measures the proportion of nodes in a graph with a specified number 

of edges. This distribution is assumed to follow a power law degree distribution, i.e., the 

degree of the nodes varies as a power of the number of nodes on the network, and has 

sparked interest on how this distribution has a role in robustness of a system represented as 

an interaction network (28–30). The clustering coefficient is another measure that describes 

how well-connected neighbors of the node are, ranging from one to zero. The Network 
Analysis plug-in displayed under the Plug-ins menu of Cytoscape has various functions that 

can be utilized for these analyses.

In Fig. 3, we selected the whole network and selected Analyze Network, treating it as an 

undirected graph. The plug-in displays various simple-to-calculate features of the network, 

such as the degree distribution (Subheading 2.2), number of connected components, etc. 

When the Visualize Parameters button is clicked, for instance by selecting the node degree 

from the drop list named Map node size to, this information can be reflected onto the 

network for a more visual representation. The next tab on this analysis window is the node 

degree distribution, where a power law line can be fitted (as seen in Fig. 3) on the degree 

distribution. Other properties and functions can be accessed by clicking through the tabs on 

this window, and detailed documentation can be accessed by hitting Help.

2.4. Functional Enrichment Analysis

We further analyze the network via querying the network genes for overrepresentation of 

gene ontology annotations. The network we established is the result of a study that targeted 

the PI3K-mTOR pathway. This pathway plays pivotal roles in cell survival, growth, and 

proliferation downstream of growth factors (25). Moreover, its perturbations have been 

associated with cancer progression, type 2 diabetes, and neurological disorders. In Fig. 4, we 

show how one of the plug-ins, Bingo (22), can be used to investigate this network. We first 

selected the biggest component of the interaction network we have established (Fig. 3). The 

56 selected nodes are then passed onto the Bingo plug-in by launching the plug-in from the 

Plug-ins menu. Before running the plug-in selecting, adjust the input form, as described 

below:

1. Give a name to your new analysis in the Cluster name text box.

2. Leave the Get Cluster from Network box checked.

3. Select your default species name by selecting the organism of the network from the 

Select organism/annotation drop-down list. Select Homo sapiens for this 

example. If, in the future, you require a different species, you will need a Gene 

Association file for that species. You can download one from The Gene Ontology 

Project (21) and load it as a custom file.

4. Select the statistical test and corrections that are required. In this example, we used 

Hypergeometric test. Binomial testing is preferred when the amount of data is 

very large.

5. Select the statistical correction that will be used. You can choose Benjamini and 

Hochberg False Discovery Rate (FDR). This is the correction to use in most cases, 
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as the Bonferroni correction is too conservative. Bonferroni correction can be used 

when you want to demonstrate that your results are significant without doubt.

6. Choose a significance level. You can leave the default 0.05. This threshold controls 

which nodes are detailed.

7. Under select the categories to be visualized, choose the overrepresented 
categories after correction so that they are visualized.

8. Select the ontology file that will be used for the analysis. The three main 

categories, Biological Process, Cellular Component, and Molecular Function, and a 

combined list are available. In this example, we will use the 

GO_Biological_Process file.

9. Note that if you want to save these settings, you can hit the Save settings as 
default button at this stage.

10. Start BingoK:\P26335\JSEN\16\00\1033251\final-proof1\jsen-nikolic-2529685.

11. A smaller window named Parsing Annotation… should appear, showing progress, 

listing the number of entities (proteins) and classifications (assignments of protein 

to term).

The plug-in then generates an acyclic graph of gene ontology (GO) terms and is labeled 

accordingly. The network shows the terms that are actually mostly associated 

(overrepresented) among the network nodes (note the gradient from white to yellow). Since 

the GO graph is quite large, branches of the GO with no significant terms would not appear 

in this network. As shown in Fig. 4, terms under biological regulation, such as fatty acid 

metabolic processes or regulation of cell proliferation, have been highlighted, which is 

relevant to previous associations of the PI3K-mTOR pathway (see Note 2 for other sources 

to use).

Cytoscape has a node/edge/network attribute browser named Data Panel that is displayed 

below the networks. Select a node from the GO network and browse the Node Attribute 

field. Some of the fields populated under the node attributes include

• description_test: the name of the GO biological process

• adjustedPValue_test: the P-value for the node, adjusted for multiple hypothesis 

testing (for comparison, the un-adjusted P-value is also there, with the name 

pValue_test)

• n_test: the number of network nodes in your selection set

• x_test: the number of nodes in your selection set mapping to the term

2As mentioned earlier, if the additional plug-ins to analyze the networks do not work, there are always additional web services that 
can accomplish similar tasks. Although utilizing these will make life harder, similar results should be generated as most of these 
resources use similar techniques.
There are other Cytoscape plug-ins, such as Pingo (45) that can identify significantly associated user-defined target Gene Ontology 
terms. Also, there are services independent of Cytoscape (e.g., FuncAssociate (38)) that are capable of providing functions similar to 
Bingo. Researchers can consider using these tools for verification and extended analysis of their networks.
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Moreover, the Bingo plug-in will produce an output window listing the P-values of all nodes 

with significant enrichment (Fig. 4, bottom). You can select these terms, and the Select 

nodes button will highlight the nodes in the network that are associated with those terms. 

This window also links the GO terms to Amigo (31), the gene ontology browser.
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Fig. 1. 
An IntAct database of the month archive entry is shown. Like most databases, IntAct 

provides the data shared in multiple formats. The images in the figure are links to the same 

dataset in different formats. Internal link to IntAct table page with external links (left); PSI-

MI XML (versions 1.0 and 2.5) (middle); and PSI-MI Tab (right).
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Fig. 2. 
Screen shot of Cytoscape’s import network from table (Text/MS Excel)… dialog box. As 

input, a flat file is selected, and appropriate columns are marked to import the text file as an 

edge list into the software.
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Fig. 3. 
Cytoscape (18) and network analysis plug-in is shown. The plot on the left bottom shows 

that the degree distribution of the analyzed network likely follows a power law. The nodes 

in the networks are sized by their node degree.
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Fig. 4. 
Enrichment analysis of the biggest component of the network analyzed (Fig. 3) is shown. A 

section of the gene ontology term graph is shown in the background. The Bingo plug-in 

settings and the output are shown in the foreground.
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Table 1

The International Molecular Exchange Consortium Partner Databases: Public databases that provide 

nonredundant set of protein–protein interactions for a range of organisms are listed (as of January 2011)

Database Web site Number of PPI

DIP (39) http://dip.doe-mbi.ucla.edu 107,619

IntAct (33) http://www.ebi.ac.uk/intact 272,410

MINT (40) http://mint.bio.uniroma2.it/mint 90,537

MPact (23) http://mips.gsf.de/genre/proj/mpact 15,454

MatrixDB (41) http://matrixdb.ibcp.fr 845

MPIDB (42) http://www.jcvi.org/mpidb 24,295

BioGRID (37) http://www.thebiogrid.org 365,574

InnateDB (43) http://www.innatedb.com 9,909

BIND (44) http://www.blueprint.org 192,961
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