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1. Introduction
Personalized medicine is the most promising approaches in the treatment of various
diseases, especially cancer. The use of appropriate biomarkers for personalized treatment
has advantage over conventional therapeutics approach, as it confer maximum effectiveness
with minimum side effect. Personalized treatment can be achieved by implementation of
omic studies in clinical practices. Application of genomic, transcriptomic, proteomic and
metabolomic studies deliver a vast amount of data that lead to the discovery of novel
biomarkers for diagnostic, prognostic and therapeutic purposes. Therefore, further
exploration in omic study could lead to the implementation of personalized medicine as a
standard therapeutic scheme in the clinic.
Proteomics is a global study of entire proteins of cell, tissue and organism in a particular
condition and time point (Graves & Haystead, 2002). Proteomics is a very comprehensive
discipline that includes the study of expression, function, localization, structure,
modification, and protein-protein interaction (Graves & Haystead, 2002; Lim & ElenitobaJohnson, 2004). A proteomics experiment generates vast amount of data that require further
analysis, and systems biology is the main approach. Systems biology is an integrative
science that studies the complex behavior of biological entities at the systems level (Kitano,
2002a, 2002b). Integrating the proteomics data into systems biology language is an
important approach in understanding the behavior of the complex organisms at various
levels (Souchelnytskyi, 2005). In recent years, our knowledge of proteomics and system
biology is growing rapidly and create an excitement in scientific community because of its
potential in novel biomarker and drug discovery (Duncan & Hunsucker, 2005).
Proteomics studies are highly dependent on the technology for protein separation and
identification, and bioinformatics for data analysis. By protein separation techniques, gelbased and liquid chromatography (LC)-based approaches represent the primary stream in
proteomics. In gel-based approach, that is, conventional 2D gel electrophoresis (2D-GE) and
2D differential gel electrophoresis (2D-DIGE), the proteins are separated by their molecular
weight and isoelectric point. In LC-based approach, the proteins or peptides are separated
by using high performance liquid chromatography (Aebersold & Mann, 2003; Cravatt et al.,
2007). The identification and characterization of proteins or peptides by mass spectrometry
are followed after separation (Kolker et al., 2006). In more recent years, antibody-based
methods emerging as important approaches in proteomics. These approaches included the

www.intechopen.com

426

Integrative Proteomics

use of immunohistochemistry (IHC) on tissue microarrays (TMAs), reverse phase protein
arrays (RPPAs) and serum-based diagnostic assays using antibody arrays (Borrebaeck &
Wingren, 2007; Brennan, O'Connor et al., 2010; Wingren & Borrebaeck, 2004).
In the present article, we focus our discussion on the various ways of translating gel-based
proteomics data into systems biology using different bioinformatics approaches. Firstly, we
will discuss the dataset from gel-based proteomics, including the acquisition of primary
data and type of data for bioinformatics analysis. In the subsequent section, we will discuss
the several way of analyzing the data acquired from gel-based proteomics, which included
the ontological-based classification, hierarchical clustering, systems and network analysis
(Table 1). We will focus our discussion on the general concepts of the analysis, type of

Ontological Classification

Query Tools
GO-TermFinder
(Boyle et al., 2004)
AmiGO
(Carbon et al., 2009)
MatchMiner
(Bussey et al., 2003)

Hierarchical Clustering

Systems and Network
Analysis

Cluster+TreeView
(Eisen et al., 1998)

Osprey
(Breitkreutz et al., 2002)

PermutMatrix
(Caraux & Pinloche, 2005)

BioLayout
(Enright & Ouzounis, 2001)

POMELO II
(Morrissey & Diaz-Uriarte,
2009)

CellDesigner
(Funahashi et al., 2007)

Genesis (Sturn et al., 2002)

Cytoscape
(Kohl et al. 2011)

Visualization Tools
GoMiner
(Bussey et al., 2003)
FatiGO
(Al-Shahrour et al., 2004,
2007)
Onto-Express
(Draghici et al., 2003; Khatri
et al., 2002)
GOSurfer
(Zhong et al., 2004)
GOTM
(Zhang et al., 2004)
Table 1. List of bioinformatics tools that are commonly used for gel-based proteomics.
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datasets used and bioinformatics software. Some examples of studies and future directions
are presented for each approach.
2. Dataset in gel-based proteomics
The general workflow of bioinformatics analysis of gel-based proteomics is shown in figure
1. In gel-based proteomics, various types of datasets can be generated. There can be an
annotated 2D gel, mass spectra, and list of identified proteins (Taylor et al., 2003). These
dataset can be qualitative or quantitative. In this review, we focus on the analysis of 2 type
of datasets generated from annotated 2D gel, i.e. global expression profile and differential
expression profile.
By identifying the protein spots on a 2D gel, a comprehensive, global protein expression
profile can be generated. This approach can deliver a list of proteins expressed in a cell or
tissue in a particular condition, which is exceptionally useful in understanding their
biological characteristic. An example is a recent study on proteome profiling of breast
epithelial cells with various proliferation potential. This study generate the most
comprehensive 2D protein expression map with 183 proteins identified in 184A1 cells and
318 proteins identified in MCF10A cells, which lead to the understanding of their biological
properties and delivered a list of potential biomarkers of early event of tumorigenesis
(Bhaskaran et al., 2009).
By identifying the protein spots in 2D gels that are different in their staining intensity in
different conditions, a differential expression profile can be generated. Various biological
questions can be addressed by differential expression analysis. The proteome changes upon
drugs treatment can be studied by comparing the 2D gel of a particular cell treated with and
without drugs. For example, cellular response to histone deacetylase inhibitor in colon
cancer cells was evaluated by such approach (Milli et al., 2008). Besides, various disease
stages can also be compared, for example, a list of proteins were identified to be
differentially regulated between normal liver tissue and hepatocellular carcinoma (Corona
et al. 2010). Furthermore, the dynamic changes of proteome can also be studied. By
comparing the differential expressed proteins in the neuroblastoma grown in mice in
different time interval reveal the proteome changes of the disease progression and effect of
host-tumor interaction (Turner et al., 2009). Therefore, differential expression analysis of 2D
gels often called comparative proteomics.
By applying various systems biology analysis tools, these proteomics dataset can further
improve our insight into particular biological questions. The first objective of gel-based
proteomics data mining is to search for protein of biological importance, such as diagnostic
biomarker and potential drug target. By comparing two or more predefined biological
conditions, we can precisely define the proteins of interest among thousands of spots in the
2D gel (Meunier et al., 2007). This can be achieved by using differential expression proteome
profile, or by comparative analysis of two or more global protein expression profiles. The
second objective of gel-based proteomics data mining is to use clustering approach to group
or classify the proteins. This is important for understanding the complex biological systems,
such as classification of tumor according to the expression of proteins, for the diagnostics
and therapeutics purposes (Meunier et al., 2007). This approach can be achieved by applying
the bioinformatics tools on both differential expression and global expression profile. In the
subsequent section, we will discuss the analysis of gel-based proteomics dataset by using
various approaches, and their biological significance.
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Fig. 1. General workflow of bioinformatics analysis of gel-based proteomics. Once the 2D
gels are generated, 2 type of dataset can be acquired from annotated gel, i.e. global
expression and differential expression profiles. These datasets can be used for further
analysis by various approaches, such as ontological classification, hierarchical clustering and
systems/network analysis. These analysis approaches can improve our insight into
particular biological questions, such as discovery of novel disease biomarkers for diagnosis
and prognosis, drug target, study of disease mechanism and disease classification.
3. Ontological classification
The postgenomic era has brought an exponential growth of biological databases. In recent
years, researchers have begun to use unique identifiers to describe components of a
database, and the relationship between them. The concept of unique identifiers forms the
basis of ontology. Ontology can be described by a set of representative, unambiguous and
non-redundant vocabulary or identifier, which define classes, relations, functions, objects
and theories (Gruber, 1993). It is not only represents an individual component but also its
related components. For instance, in anatomy ontology, stomach is define as an organ with
cavity which continuous proximally with oesophagus and distally with small intestine; it is
member of viscera of abdomen; it is part of gastrointestinal tract; it is supplied by left and
right gastric artery; etc (Detwiler et al., 2003).
The Open Biomedical Ontology (OBO) consortium (http://www.obofoundry.org/)
provides a resource where biomedical ontologies are presented in a standard format.
Ontology-based approaches for data integration provide a platform of communication
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between researchers. It also allowed the retrieval/query of information across multiple
resources and more efficient data mining and exploration. To gain the functional insight in a
large-scale proteomics study, the traditional “literature mining” method is laborious and
inefficient. Therefore, ontology-based approach is an effective solution.
In gel-based proteomics, the large dataset can be annotated and explored by application of
Gene Ontology (GO) (http://www.geneontology.org/). Gene Ontology is a part of the
Open Biomedical Ontologies (OBO), which is the most widely used ontology in biomedical
research community (Smith et al., 2007). The main objective of GO is to produce a controlled
and unified vocabulary for genes and gene products, such as proteins, that can be applied to
all organisms. Furthermore, classification of these components in defined groups or classes
allowed us to gain the functional insight in the large-scale proteomics data.
GO annotation organizes genes or gene products into hierarchical order based on 3
categories: cellular component, biological process and molecular function (The Gene
Ontology Consortium, 2000). Cellular component describe the localization of particular
active gene products in the cells or its extracellular environment. It may be particular
cellular structure, e.g. mitochondrion, Golgi apparatus; or gene products groups, e.g.
proteosome, ribosome. Biological process describes the biochemical reaction of gene
products in the cells. Examples of higher order categories are cell death, signal transduction.
Examples of lower order categories are lipid metabolism, purine metabolism. Molecular
function describes the elemental activities of gene products at molecular levels. Examples of
higher order categories are enzyme, cytoskeletal regulator. Examples of lower order
categories are glycine dehydrogenase, apoptosis activator. Since March 2007, 25,000 unique
GO identifiers have been created, these provide researchers a broad set of descriptors for
cellular component, biological process and molecular function for genes and their products
(Dimmer et al., 2008).
There are various GO tools available (table 1). The complete list of tools can be found in
http://www.geneontology.org/. These tools belong to either query tools or visualization
tools. Prior to analysis, the genes or proteins have to be converted from generic or common
name into the unique identifier, i.e. GO term, by using query tools. The most commonly
used query tools are GO-TermFinder (Boyle et al., 2004), AmiGO (Carbon et al., 2009), and
MatchMiner (Bussey et al., 2003). For example, the GO identifier for cyclin D3 is CCND3.
Once the list of GO identifiers are generated, visualization the data are carried out, using
the tools such as GoMiner (Bussey et al., 2003), FatiGO (Al-Shahrour et al., 2004, 2007),
Onto-Express (Draghici et al., 2003; Khatri et al., 2002), GOSurfer (Zhong et al., 2004), and
GOTM (Zhang et al., 2004). These tools provide visualization of data in the form of either
AmiGo view or Direct Acyclic Graph (DAG) view (Figure 2). AmiGO view is in the form
of expandable tree structures, and it is linked to external databases, such as NCBI and
CGAP. DAG is similar to hierarchies but differ in that a more specialized and narrower
term or “child” can be related to more than one less specialized and broader term or
“parent”. Each term are represented by a node and they connected by path in hierarchical
order. Each node can often be reached from multiple paths, which allow the comparison
of genes/gene products involved in more than one molecular function or biological
processes.
In gel-based proteomics, data generated from global expression and differential expression
profiles can be used for ontological-based classification. Many studies suggested that
ontological classification is a powerful tool in functional characterization of the cells in gelbased proteomics studies. For instance, a study from Alfonso et al. showed the use of

www.intechopen.com

430

Integrative Proteomics

Fig. 2. Data visualization of ontological-based classification. Gene Ontology tools, such as
GoMiner (Bussey et al., 2003) showed in this figure, provide visualization of data in the form
of either AmiGo view or Direct Acyclic Graph (DAG) view. (a) AmiGO view is in the form
of expandable tree structures, and it is linked to external databases. (b) In DAG view, each
GO term are represented by a node and they connected by path in hierarchical order. Each
node can often be reached from multiple paths, which allow the comparison of genes/gene
products involved in more than one category.
ontological classification in a gel-based proteomics study to provide a functional insight of
the colorectal cancer. In this study, 41 out of 52 analyzed proteins were unambiguously
identified as being differentially expressed in colorectal cancer (Alfonso et al., 2005). An
ontology analysis of these proteins revealed that they were mainly involved in regulation of
transcription, cellular reorganization and cytoskeleton, cell communication and signal
transduction, and protein synthesis and folding (Alfonso et al., 2005). Another example is
the study of proteome changes in human T cells during peak HIV infection using 2D
differential gel electrophoresis. In this study, ontological classification showed that very
high proportion of differentially expressed mitochondrial and metabolic pathway proteins
were identified, suggesting that metabolic reprogramming occurs upon HIV infection of T
cells (Ringrose et al., 2008).
Although current proteomics study benefit from using Gene Ontology, the major drawback
is that Gene Ontology does not describe and annotate the multiple forms of a gene, such as
alternative slicing, proteolytic cleavage and post-translational modification. Therefore, Gene
Ontology cannot describe the functional stage of the gene products. In recent year, Protein
Ontology (PRO) database has been created, which provide a formal classification of proteins
(Natale et al., 2007, 2011; Reeves et al., 2008). The PRO included the classification of proteins
based on the basis of evolutionary relationships and the structured representation of
multiple protein forms of a gene. An initial attempt in applying PRO for the annotation of
TGF-beta signalling proteins showed that PRO provide a more accurate annotation and also
facilitate various analysis, such as cross-species analysis, pathway analysis and disease
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modelling (Arighi et al., 2009). Despite of that, implementation of PRO in proteomics study
is still in the infancy stage and there is no tools developed for the analysis of large-scale
proteomics data. This implicates that further refinement and development of tools for PRO
is needed in order to fill the gap.
4. Hierarchical clustering
Hierarchical clustering is a powerful approach for analyzing and visualizing the large
proteomics dataset. Cluster analysis was initially designed for transcriptomics studies, such
as analysis of microarray data, to explore the similarity between samples based on the
pattern of gene expression (Eisen et al., 1998). In recent years, the hierarchical clustering has
been adapted to the proteomics study. It enables the proteins to be grouped or classified
blindly according to their expression profiles. It is a useful approach in understanding the
interdependencies of protein in expression profile, molecular classification and protein
signature discovery of diseases, and the dynamic changes of protein expression.
The major principle of hierarchical clustering is based on the dissimilarity or distance
between the samples. In proteomics data analysis, this can be calculated by using Pearson
correlation coefficient or Euclidean distance. Once the distant matrix is calculated,
agglomerative clustering algorithm is performed. In proteomics, unweighted paired group
average linkage (UPGMA), complete linkage, and Ward’s methods are the most commonly
used algorithms. The final results are presented as dendrogram or heat map (Meunier et al.,
2007).
In dendrogram, proteins which are closely related will appear on the same branches. The
length of branch represents the strength of relationship, where shorter the branch, closer the
relationship. In a heat map, group of similar expression will appear as a pattern of cluster
with same color. In either presentation method, the ultimate aim is to find the cluster which
indicates a similar biological function related to disease mechanism for diagnosis and
prognosis purpose.
There are several tools available for hierarchical clustering, for example, Cluster+TreeView
(Eisen et al., 1998), PermutMatrix (Caraux & Pinloche, 2005), POMELO II (Morrissey & DiazUriarte, 2009), and Genesis (Sturn et al., 2002). However, most currently available tools are
mainly developed for transcriptomics study, i.e. analysis of cDNA microarray data. They are
based on different algorithms, and only some of them can be well adapted to the proteomics
data analysis, such as Cluster+TreeView and PermutMatrix (Eisen et al., 1998).
The general workflow of hierarchical clustering analysis using PermutMatrix, is discussed
here. The proteomics data is presented in the form of standard text file that contains the data
matrix: columns represent the sample, i.e. gels with various biological classes or groups, and
row represent proteins of interests. Thereafter, the selection of clustering parameters for
both distance and aggregation procedures, followed by the application of hierarchical
clustering analysis. The result of clustering can be visualized in the form of dendrogram of
gel samples and proteins, and heatmap of the clustered data matrix (Meunier et al., 2007)
(Figure 3).
Many studies proven that hierarchical clustering is a powerful tool in analysis of large
proteomics dataset. Hierarchical clustering can be use for analysis of differential expression
protein or global protein expression profiles from the 2D gel. Studies suggested that
hierarchical clustering is a powerful tool for discovery of protein signatures or cluster of
proteins for molecular classification of diseases, especially cancer. These was shown in
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Fig. 3. Data visualization of hierarchical clustering. Using PermutMatrix (Caraux &
Pinloche, 2005), hierarchical clustering are presented as dendrogram or heat map. In
dendrogram, proteins which are closely related will appear on the same branches. The
length of branch represents the strength of relationship, where shorter the branch, closer the
relationship. In heat map, group of similar expression will appear as a pattern of cluster
with same color.
several recent studies that hierarchical clustering facilitates accurate molecular classification
of vaginal and cervical cancer (Hellman et al., 2004), ovarian cancer (Alaiya et al., 2002), lung
cancer (Wingren & Borrebaeck, 2004), soft-tissue sarcoma (Suehara et al., 2006), based on
their protein expression profile from 2D gel. These studies might lead to the discovery of
tumour-specific markers among the differentially expressed proteins. Besides, hierarchical
clustering facilitates the discovery of protein signature for prediction of disease progression.
This was shown by the study of a set of 20 protein spots that could predict the survival of
patients with lung adenocarcinoma (Chen et al., 2003).
Many studies showed the similarity in methodology between transcriptomics and
proteomics data analysis using hierarchical clustering approach. As such, many
bioinformatics tools that are developed for microarray study can be adapted to gel-based
proteomics studies. However, special attentions are needed, as not all the algorithms used
for transcriptomics study can be used in proteomics study (Meunier et al., 2007). Without
strong knowledge of these algorithms, hierarchical clustering analysis of proteomics data
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could lead to false result and ambiguity. This implicate that the development of new tools of
hierarchical clustering analysis for proteomics study is needed to fulfil the demand of evergrowing proteomics society.
5. Systems and network analysis
The behaviour of a biological system, such as cells, is the consequence of complex
interaction between their individual components, such as DNAs, proteins, metabolites, and
other biological active molecules. In the past decades, signalling pathway has been the only
approach to understand the interaction between these components. However, it is
impossible to predict the behaviour of biological systems solely from understanding of their
individual component or single signalling pathway. Integration of signalling pathways into
a higher order biological network is a very crucial approach for studying the complex
behaviour of a biological system. These can be achieved by implementation of systems and
network analysis tools. In addition, the recent success of genomics and proteomics
technologies generates a vast amount of data that has increased the quest for the systems
and network analysis tools.
Over the past few years, application of system and network analysis in genomics and
proteomics study had showed a great promise in understanding of complex behaviours of
biological systems. Global mapping of the cells or organelles using these tools enable us to
discover, visualize and explore the behaviour of the biological systems relevant to our
experimental design. In addition, by studying the topological, functional, and dynamic
properties of biological networks, the regulatory and control mechanism of the cells
underlying the changes of environment can be explored. An example is a study of the overexpression of certain signalling pathway of the tumor cells under the challenge with
chemotherapeutics drug (Barabasi & Oltvai, 2004; Kwoh & Ng, 2007).
Networks are displayed as graphs, which represented by nodes and edges/links. These
graphs differ from the ontological and hierarchical clustering in that each node is not a
function, but a component, such as gene or protein; or a substrate/product of a reaction.
Nodes are displayed in various shapes, which represent various types of molecules, such as
genes, proteins, and metabolites. The nodes are connected with each other by the edges or
links. Edges or links represent the biological relationships between the nodes, such as
induction, activation, inhibition, post-translational modification, enzymatic-substrate
reaction, and physical binding.
The interaction between the nodes can be directed or undirected. In directed network, the
link between two nodes has a defined direction, for example, the induction of activation of a
protein by an enzyme. In undirected network, the link does not have specific direction, for
example, protein-protein interaction or physical binding. Network can provide a framework
from which complex regulatory information can be extracted. Most of the biological
networks are scale-free, in which most of the nodes have only a few links, while a few nodes
with a very large number of links, which are called hubs (Barabasi & Oltvai, 2004).
The general principle of network construction is based on the known interaction pair of
gene or protein. In brief, Swiss-Prot and GeneBank accession numbers from the
experimental dataset are used to search against the external databases that contain
information about the interaction between the genes or proteins. Subsequently, the genes or
proteins from the experiment data were integrated and merged with their known
interacting partners and pathways. This process is continued until all proteins of interest are
included into the network.
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There are a number of available tools for construction and analysis of networks (Thomas &
Bonchev, 2010), such as Osprey, (Breitkreutz et al., 2002), BioLayout (Enright & Ouzounis,
2001), CellDesigner (Funahashi et al., 2007), and Cytoscape (Kohl et al. 2011; Smoot et al.
2011). Each tool has distinct functional features. Although most of these tools were initially
designed for genomics data analysis, most of them are well adapted for proteomics data
analysis. For gel-based proteomics, both global expression profile and differential
expression profile can be used to construct the network, depending on the experimental
design and question to be answered.
Here we show an example of workflow of network analysis in gel-based proteomics, by
using Cytoscape. Cytoscape is open source software that provides basic functionality for
integrating proteomics data on the network, editing and visualization of network, and also
implementation of external plug-ins for network analysis. Data generated from gel-based
proteomics, i.e. the list of the proteins, are integrated with the graph using tools for network
construction, such as MiMi (Gao et al., 2009), cPath (Cerami et al., 2006) and BioNetBuilder
(Avila-Campillo et al., 2007). Subsequently, using the annotation tools, the node and edge
can be annotated with attribute and expression data, such as expression ratio obtained from
2D gel analysis. For visualization of network structure, Cytoscape supports a variety of
network layout algorithms, such as spring-embedded layout, circular layout and
hierarchical layout (Figure 4).
In order to reduce the complexity of a large network, user can selectively display the set of
nodes and edges in the graph, using graph selection and filtering tools. Nodes and edges
can be selected according to a wide variety of criteria, including selection by name or by the
property of the attribute (Figure 5). Besides, Cytoscape are supported by filtering tools that
includes a Minimum Neighbors filter, Local Distance filter, Differential Expression filter, or
the combination filter. Minimum Neighbors filter selects nodes having a minimum number
of neighbors within a specified distance in the network. Local Distance filter selects nodes
within a specified distance of a group of nodes. Differential Expression filter selects nodes
according to their expression data. Combination filter selects nodes by combinations of
other filters (Shannon et al., 2003).
When the network construction is complete, user can implement various external plug-ins
for analysis of the network. This is one of the most powerful functionality of Cytoscape for
solving biological questions by mean of network exploration. There is a variety of plug-ins
which is commonly used in network analysis. Several examples of Cytoscape plug-ins for
network analysis, such as MCODE (Bader & Hogue, 2003), NetworkAnalyzer (Assenov et al.,
2008) and Centiscape (Scardoni et al., 2009), are discussed here. MCODE is a plug-in that
search for clusters or highly interconnected regions in the network (Bader & Hogue, 2003).
In protein network, clusters are often attribute to a groups of proteins that represent a
proteins family or protein-protein interaction networks, therefore, finding the cluster enable
us to define the region of functional importance. NetworkAnalyzer is a Java plug-in that
analyses and visualizes the molecular interaction networks (Assenov et al., 2008).
NetworkAnalyzer computes different parameters that describe the network topology, such
as diameter of a network, average number of neighbours, and numbers of connected pairs of
nodes. NetworkAnalyzer also compute more complex parameters, for example, node degree
distribution, topological coefficients, shortest path length distribution, closeness centrality
and neighbourhood connectivity distribution. These topology parameters enable us to
understanding the property of biological network, such as protein signalling network,
protein-protein interaction network, that are of biological importance. Centiscape is another
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Fig. 4. Visualization of network structure using Cytoscape (Kohl et al. 2011; Smoot et al.
2011). Networks are displayed as graphs, which represented by nodes and edges. For
visualization of network structure, Cytoscape supports a variety of network layout
algorithms, such as (a) force-directed layout, (b) circular layout, (c) hierarchical layout, and
(d) spring-embedded layout.
plug-in for analysis of complex topology of biological network (Scardoni et al., 2009).
Centiscape computes centrality indexes of each node in the network, and relationship
between the nodes. Thus, Centiscape provides classification of nodes according to their
capability to influence the function of other nodes within the network. This may enable us to
identify the critical nodes and regulatory circuits in the protein network.
In gel-based proteomics, network construction and pathway analysis are very useful in
identifying novel regulatory mechanism of diseases and drug target discovery (Dudley &
Butte, 2009). This was showed by a recent study that network analysis of proteomics data
from clear cell renal cell carcinoma patient revealed the role of TNFα in clear cell renal cell
carcinoma pathogenesis. In addition, it was suggested that clinically available TNFα
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Fig. 5. Graph selection tool in Cytoscape (Kohl et al. 2011; Smoot et al. 2011). User can use
graph selection tool to reduce the complexity of the graph. In this example, the components
of ERBB pathway were selected and coloured (green) using selection tools.
inhibitors, such as thalidomide and etanercept can be used for the treatment of renal cell
carcinoma (Perroud et al., 2006). Besides, network analysis is an indispensable tool in
understanding the complex biological behaviour of the cells. A recent study showed that
network analysis of gel-based proteome reveal the similarities in regulatory mechanism by
MCF10A and 184A1 cells. Network analysis showed the involvement of TNF, AKT, F2 and
IGF hubs in both cell types, but cell cycle regulation and mitogenic signaling networks are
more representative in MCF10A cells, as compared to 184A1 cells. Study of the network also
showed that enhanced expression of cell cycle and proliferation-related proteins, such as
CDK4 and cyclin D3 may have an important contribution to increased proliferation rate of
breast epithelial cells at the early event of tumorigenesis (Bhaskaran et al., 2009).
Network and pathway analysis is a robust approach in analyzing large proteomics dataset.
However, there are several major limitations. Network analysis is unbiased and hypothesisfree because the built of network are based on known interaction sets that recruited from
published data. As a consequent, network analysis is not able to uncover the new or
unknown pathway and interaction. On the other hand, the qualities of network are
dependent on the limitation of high-throughput experiments where the data were recruited
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from. For instance, protein-protein interaction studies that generate a high proportion of
false-positive result will affect the quality of network based on this data (Arrell & Terzic,
2010). Nevertheless, network analysis remains a powerful tool in understanding the gelbased proteomics data, and it can serve as a good starting point for a further exploration of
the dataset.
6. Concluding remarks
Tremendous effort have been made during past decade in understanding the biology of
normal and diseased cells at systemic level. Proteomics is one of the most promising
approaches in generating functional insight of biological systems. Recent advancement in
protein separation and identification technology leads to the generation of enormous
amount of data which implicate that importance of bioinformatics analysis. However, this
renders a great challenge for biomedical researchers in selecting the suitable strategies in
bioinformatics analysis of proteomics data.
This article gives an overview of various analysing strategies in gel-based proteomics; we
hope that this will help biomedical researchers to derive more biologically meaningful
information from their data. These effort will render a direct impact in the in-depth
understanding of biological behaviour of cells, ultimately implemented in clinical
applications.
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