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Abstract: The emergence of sy stems biology  necessitates development of 
platforms to organise and interpret plen titude of biological data. We present a 
system to integrate data across m ultiple bioinform atics databases and enable 
mining across various conceptual levels of biological information. The results 
are repres ented as  complex networks. Context dependent mining of these 
networks is achieved by  use of distances . Our approach is demonstrated with 
three applications: full metabolic netw ork retrieval with network topology 
study, exploration of properties and relati onships of a set of selected proteins, 
and combined visualisation and explor ation of gene expression data with 
related pathways and ontologies. 
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1 Introduction 

The omics revolution has empowered us wi th t echnologies t o st udy t he bi ological 
systems by measuring a l arge num ber of m olecular com ponents i n paral lel, t herefore 
enabling the systems approach (Ideker et  al ., 2001;  Ki tano, 2002). The weal th of new 
information, com bined wi th exi sting reposi tories of knowledge dispersed across 
numerous d atabases an d literatu re, d emand n ew so lutions fo r m anagement an d 
integration of l ife sci ence dat a. Thi s has al ready been recogni sed in a variety of 
application domains relying on l ife science research. Knowledge management and data 
integration are recognised bottlenecks in drug discovery domain and current solutions are 
not yet capable of t aking the full advantage of t he information delivered by the modern 
omics technologies (Searls, 2005). More fundam entally, the ability to collect molecular 
information from biological systems in parallel is also challenging the ways we represent 
the biological systems and related knowledge, as well as the ways we design experiments 
to address specific biological questions. 

Several approaches for biological data integration have been developed. Well-known 
examples include rule-based links such as SRS (Etzold and Argos, 1993;  Etzold et  al ., 
1996), federated middleware frameworks such as Kl eisli system (Davidson et al., 1997; 
Chung and W ong, 1999), as wel l as wrapper-b ased sol ution usi ng query optimisation 
such as IB M Discovery Link (Hass et  al., 2001). In parallel, progress has been made to 
organise bi ological knowl edge i n a conceptual way  by  devel oping ont ologies and 
domain-specific vocabularies (Ashburner et al., 2000; Bard and Rhee, 2004; Bodenreider, 
2004). The em ergence of XM L and Sem antic Web technologies has fostered the 
ontology-based approach to life science data integration. In this context, data integration 
comprises problems like hom ogenising t he dat a m odel wi th schem a i ntegration, 
combining multiple database queries and answers, transforming and integrating the latter 
to const ruct knowl edge based on underl ying knowledge representation. However, t he 
ontology-based approach alone cannot resolve the practical problem of evolving concepts 
in bi ology, and i ts best  prom ise l ies in specialised domains and environments where 
concepts and vocabul aries can be wel l cont rolled. Nei ther can t he ont ologies al one 
resolve the problem  of context, i.e., what m ay appear cl osely rel ated i n one cont ext,  
may be further apart or unrelated in another (Gärdenfors, 2000). 

Biological system s are characterised by th e co mplexity o f in teractions o f their 
internal parts and also with the external environment; integrating such information may 
result in a huge and heterogeneous network of biological entities. The visualisation  
of these networks poses many challenges (Herman et al., 2000). The problem is not only 
to display them, but also to represent them in a way that would enable easy interpretation 
of these huge net works. Our goal  i s t o al leviate t his probl em by  usi ng cont ext-based 
mining. 

Biological net work vi sualisation t ools abound i n m any fl avours, but  few of  
them have m et i mportant requi rements t hat enabl e real  bi ological i nterpretation  
(Saraiya et al., 2005). Contextu ality is one of those requirements. There are som e tools 
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that provide contextuality by  attaching notes to visualis ed entities (Shannon et al., 2003; 
Dahlquist et al., 2002). However, this approach does not  resol ve t he i nterpretation 
problem especially when the networks beco me com plex. Therefore, the context-based 
mining is needed to eliminate some dimensions that are not contextually relevant. 

Our approach t o enabl e cont ext-based m ining i s based on non-l inear project ion 
methods. Heterogeneous high-dimensional data are project ed t o a l ower-dimensional 
space (two or three dim ensions) in such a way that all sim ilarity relationships are 
preserved as much as possible. This is quite challenging to implement in practice due to 
the heterogeneity of the entities and relationship types. The best compromise is to choose 
which ki nds of rel ationships t o vi sualise and what type of metrics to use in order to 
ensure th e reliab ility an d b iological in terpretability o f th e visualised data. Therefore, 
special attention should be put also on the data representation when integrating different 
types of information. 

In th is paper, we p resent a d ata in tegration and mining approach based on net work 
representation models, which support  an advan ced visualisation system. As report ed in 
our initial studies, the system  h as th e cap ability to  en able b ioinformatics stu dies in  a 
context dependent way (Gopalacharyulu et al ., 2004, 2005). Sect ion 2 i ntroduces t he 
general architecture of our database system, i ts implementation and m ethods. Section 3 
describes our m ethods for network data representation and mining. Section 4 illustrates 
our approach on t hree di fferent appl ications: m etabolic net work t opology st udy,  
context-dependent prot ein annot ation, and visualisation of Ty pe 1 Di abetes gene 
expression dataset in the context of known pa thways and ont ologies. In the last section 
we discuss the current status of our research, persistent challenges, and future goals. 

2 Integrated database system 

2.1 Architectural design 

The core archi tecture of our dat a integration and vi sualisation system, called megNet, is 
composed of t hree l ayers; back-end, m iddle t ier and front -end (Figure 1). The data, 
schema maps, ontology definitions constitute the back-end layer. Mo st of our local data 
are represented in XML or RDF formats. The data is stored using XML data management 
system Tamino XML server (Software AG) i n a R edhat Li nux Advanced Server v3.0 
environment. The dat abases are queri ed usi ng Tam ino X-Query which is based on  
XPath 1.0 specification. The queri es are enabl ed t hrough t he Tam ino Java API.  
For storing more voluminous data such as gene expression data and i n house produced 
mass spect rometry dat a, we use Oracl e 10g dat abase server (Oracle, Inc.). The Oracl e 
queries are performed using Oracle JDBC Thin drivers. The results obtained from queries 
to Tamino and Oracle are combined at the Java programming level in the middle tier. 

The m iddle t ier com prises t he busi ness l ogic of our sy stem. Business logic  
events, such as graph constructions, distance data projections, topology calculations are 
implemented as stateless session beans. They  are processed as web services. The session 
beans are the end points of the web services. They receive their request m essages from 
the client for performing a business logic event. In the end of their life cycle they send the 
response to the client. 
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Figure 1 Three-tier architecture of the bioinformatics data integration and visualisation system. 
Back end tier consists of source biological data, schema mappings and ontologies. 
Middle tier is a suite of algorithms for business logic events (e.g., network 
constructions, data projections). Front end is a Java based user interface for 
visualisation the biological data and interacting with the user 

 

The middle tier resides phy sically i n a JB oss 4.04 Appl ication Server (JB oss, Inc.).  
The business logic events are processed i n the EJB Container of JBoss. The client and 
server communicate through SOAP messages. The SOAP messages are converted to Java 
objects by the middle tier after it has received a request message from the front-end client 
and Java object s are convert ed t o SOAP m essages before t hey are sent  back as a  
response m essage. These conversi ons are i mplemented by  usi ng Apache Axi s 1.4 
(Apache Soft ware Foundat ion). They  are pr ocessed i n Apache Tom cat 5.5 Servlet 
Container. 

The front-end com prises the user interface fo r visualising and interacting with the  
end user. It is implemented in the Java environment. 

2.2 Database curation 

A sy stem-wide l ife sci ence dat a m ining requi res concurrent  use of several databases,  
each of them likely having their own data schema, interface, address, and software tools. 
A database access tool is therefore needed that affords mining of several databases within 
one single interface. A fundamental step towards the integration of biological databases is 
to identify the ‘atoms of information’ and to  develop solutions that resolve the naming 
conflicts as well as d ata stru ctures. Th is is th e task  o f a d atabase ‘cu rator’. For every 
database (either containing a nnotations or inform ation a bout entity relationships) the 
database curator develops a data schema that enables mapping to other databases. 

Data from various publ ic and com mercial data sources were set  up i n our dat abase 
system. Table 1 lists those data sources which were utilised in the examples of this paper. 
A typical data curation flow is explained below in the form of a pseudo-algorithm: 

1 Decide on a data source to be set up and download the data typically using ftp.  
If the downloaded data is already XML format go to step (3) otherwise go to (2). 

2 Study the structure of the non-XML data and define XML schemas to capture the 
logical structure of the data. Go to step (4). 
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3 If the document structures have been defined using DTD, then convert the DTD to 
W3C Schema. If the XML schema is available from the source itself, if necessary, 
make changes to it to fit the requirements of the implementation (e.g., change the 
target name space to Tamino name-space and define a prefix for the original target 
namespace). 

4 Define physical properties such as indices, doc-type etc. for the logical schema to 
construct a Tamino Schema Definition document, i.e., TSD schema. If the previous 
step was (2) go to (5) else go to (6). 

5 Develop parsers to convert the non-XML data into an XML format. A typical 
development phase is always followed by several test and feed-back loops that 
involve an extensive use of XML data validation as well as human eye reading.  
Go to step (7). 

6 Develop parsers to convert the distributed XML format to the required XML format. 

7 Load the resulting XML documents using mass-loading tool of the Tamino Server. 

Table 1 Databases incorporated into the system 

Database Version or release date No. of entries 
UniProt/Swiss-Prot (Bairoch et al., 2005) 44.0 153871 
NCBI PubChem (http://pubchem.ncbi.nlm.nih.gov/) – 
Substance 

January 4, 2005 
788730 

KEGG (Kanehisa et al., 2004) – 
Pathways 11380 
LIGAND (Goto et al., 2002) – 
Genes 705802 
Enzymes 4327 
Compounds 11116 
Glycans 

August, 2004 

10302 
TRANSFAC (Matys et al., 2003) – 
Gene 7796 
Factor 5919 
Site 

June, 2005 

14782 
TRANSPATH (Krull et al., 2003) – 
Pathway 333 
Gene 4989 
Molecule 20164 
Reaction 23065 
Annotation 

June, 2005 

24218 
BIND (Bader et al., 2003) August, 2004 90580 
MINT (Zanzoni et al., 2002) 2.1 18951 
IntAct (Hermjakob et al., 2004) September, 2004 37 
Gene Ontology (Gene Ontology Consortium, 2000) 
assocdb XML version 

May, 2005 18078 

As not every field  in  the original databases is in tegrated, it is th e task of the curator to 
capture t he rel evant subpart s of i t as wel l as  to defi ne appropri ate sem antics for t he 
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integrated dat abase. In t he course of i mplementing t he above st eps we m ake use of 
XMLSPY software (Altova, Inc.) and Tam ino Schema Editor software (Software AG)  
for t he const ruction and val idation of l ogical and physical schem as, respectively.  
The development of parsers i s usual ly implemented in the Perl  programming l anguage 
and in some cases using Java. 

2.3 Database traversals with schema maps 

Even resolving simple biological relationships containing onl y a few bi omolecular 
components often requires traversing m ultiple databases. In order to enable such 
traversals within our system, we developed a database of schema maps (henceforth called 
maps d atabase), wh ich m aps acro ss d ifferent n ames u sed for the same entities across 
multiple databases (Gopalacharyulu et al., 2005). For exam ple, the m aps database for 
protein entities is indexed by UniProt identifiers. For creating such a map, we developed 
a Perl program to extract data from the UniProt XML documents. 

The database traversals can be achieved by applying simple join operations involving 
the maps database. Since the maps database records cont ain identifiers and nam es of an 
entity from all databases, it is en sured th at th e j oin o peration b etween ap propriate 
databases and rightly chosen entities woul d always return a non-em pty result.  
The query ing of a dat abase i ndependent of the names used i n i t can be achi eved by  
writing queries to first search the maps database to find out the name/Id number of t he 
entity in  th e o riginal d atabase an d th en search  th e o riginal database with the correct 
name/Id num ber. C onsiderable chal lenge for any  bi ological dat a i ntegration is the  
often-changing st ructures of t he dat a i n t he publ ic databanks (Critchlow et al., 2000).  
We address this problem  at the “Logical sche ma construction level” of our dat a curation 
cycle by keeping our logical schemas to be as m inimal as possible, yet useful enough to 
be able to observe the associations between all the data sources. 

3 Data visualisation and mining methods 

3.1 Network visualisation 

In life scien ces, everything is co nnected; even entities believed to be unrelated in some 
context m ight associate with each other in some other contexts. Thus, an integrated 
network of interacting entities of a biologi cal system  will necessarily contain many 
different types of entities and attributes arising from a number of disparate data sources, 
including literature databases. 

The user interface of our system is capable of visualising these integrated networks in 
interactive manner (Figure 2). It constitutes the following sections: 

• query parameters section 

• network visualisation section 

• display information section 

• menu bar 

• Non-Linear Mapping (NLM) window. 
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Figure 2 User interface of megNet, developed in Java 

 

The ‘query parameters’ section consists of database, species, and query parameter menus. 
The database menu enables multiple selections from a list of all databases and the species 
menu en ables m ultiple selectio ns fro m a list o f all sp ecies av ailable in the system.  
The query parameter menu provides a col lection of input boxes for ent ering a variety of 
parameters such as, prot ein nam es/ids, c oncept ids, metabolic pat hway nam es, gene 
expression d ata set id s, in itial d epth o f search  etc. In addition, there is a button for 
launching the query. 

The ‘network visualisation’ section is  the place where the resulting network  
of a graph construction request is displa yed. This interface provides options for 
interactively visualising or modifying the network. Typical examples of user i nteraction 
in this section include zooming in and out of the network, moving the network using pan 
tool, selecting a node t o di splay i ts annot ations i n t he di splay i nformation sect ion, 
selecting some parts of the network either to delete that part or to modify weights of the 
edges under selection etc. 

The ‘display information’ section displays annotations of the selected node or edge. 
The information displayed reflects the annotations that exist in the databases. This section 
also provides hyperlinks to the source databa se of the entity under selection so as to 
enable the user to get more information on this entity. 

The ‘menu bar’ enables interaction within our system in many ways. Typical example 
features enabl ed t hrough i ts i tems i nclude savi ng the network result or loading the 
network (in XML format), modifying weights of various types of interactions i.e., edge, 
projecting network into lower dimensional space and performing topological calculations 
on the networks. 

The ‘NLM window’ displays the lower dim ensional projection space. This interface 
also allows in teractive featu res su ch as zo oming in  an d o ut. Ad ditionally, selectin g  
a point in the projection space highlights the corresponding network node in the  
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‘network visualisation’ secti on. This enables viewing annota tions of this entity in the 
‘display information’ section. 

When the user starts using the user interf ace, he can either load a previously saved 
network from XML document or he can const ruct a new net work. In the former case he 
can open a file chooser from the upper menu for sel ecting the XML document. In t he 
latter case he can assi gn query  param eters to t he net work const ruction i n t he query 
parameter section that constitutes different menus on the bottom. In the database menu he 
can select fro m wh ich d atabases h e wan ts to  retrieve entities and relationships. In the 
species menu, he selects in which species he wants to construct the network. In the query 
parameter menu, he can assi gn m ore param eters for t he query . For exam ple, he can  
type a protein name (e.g., PMI40) or identifier to visualise the neighbourhood of a certain 
protein. Or he can t ype a metabolic pathway name (e.g., Pentose phosphate pathway) to 
visualise all entities and interactions involved in a certain pathway or to investigate its 
neighbourhood of vari ous t ypes of interactions. W hen t he user has assi gned al l query  
parameters, he can click on the ‘Query’ button to launch the query. 

Once t he net work i s constructed upon assigned query  param eters or l oaded from  
XML document, it is visualised on the middle part of the user interface (i.e., in Network 
visualisation section). The net work is portrayed by using Tom Sawyer Visualisation 6.0 
(Tom Sawy er Soft ware, Oakl and, C A, USA) sy mmetric l ayout al gorithm. In the 
displayed network, shape conventions are used to distinguish the type of entity 
underlying a node. Si milarly, col our codes are used t o di stinguish t he type of the 
relationship underl ying an edge. The user can  make inferences from  t he net work by  
zooming in and out. The user can save t his network in XML format by  opening a fi le 
chooser from the upper menu. A m ouse l eft cl ick on a node di splays t he bi ological 
information in the text area located on the right hand side. The information displayed in 
this tex t area co ntains th e d ata retriev ed fro m lo cally in stalled databases and links to 
external databases. 

There are many ways to represent the data structure of a net work (Bollobás, 1998).  
In our approach, a biological network is represented as a di rected weighted graph where 
biological entities are nodes that are connect ed to each other through edges which are 
interactions or relationships between th e entities. The shape of the nodes is coded 
differently d epending o n th e typ e o f an  en tity (e.g ., sq uares stand for proteins, circles 
stand for compounds). The edges can be bidirectional or unidirectional, depending on the 
nature of t he rel ationships. For exam ple, i n t he case of prot ein-protein i nteraction 
network, we woul d relate the neighbouring proteins by searching all possible pathways 
among them, including their regulating genes. The generated nodes and edges then show 
the p roteins an d th eir in teractions, resp ectively. In  th e case o f m etabolic n etwork, we 
need to relate entities that are involved in  each reaction. The substrates, products and 
enzymes are represented as nodes. As reactions can be either reversible or irreversible, 
unidirectional edges are used to  distinguish the direction of an irreversible reaction and 
bidirectional edges are used to represent reversible reaction. 

If the user want s to project the internal distances of the network into 2-dimensional 
space, she can assign appropriate bias by m odifying the edge wei ghts. After that she 
selects one of the available projection m ethods (Sam mon’s NLM, Curvilinear 
Component Analysis (CCA), Curvilinear Distance Analysis (CDA)) from the upper menu 
(Each of these methods is described i n det ail i n Sect ion 3.2). Aft er t hat t he sel ected 
projection method is performed. As a resul t we obtain coordinates of the network nodes 
in the 2-dimensional projection space. Thes e coordinates are displayed on a separate 
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window that is opened after the projection method is finished. When the user clicks on a 
node on the two-dimensional projection window, the corresponding node on the network 
is highlighted and vice versa. 

While distances within the molecular networks can be intuitively set to  the length of 
the shortest path between the molecules, distance measure is less obvious for conceptual 
relationships such as i n ontologies. One way  to approach this is to consider an ontology 
as a graph and the distance m easure is base d on the shortest path to a common ancestor 
(Lee et al., 2004b). In the case of gene expre ssion network which consists only of genes, 
the similarity measure is based on the gene expression profile distance between the genes 
(e.g., Euclidean or related). 

The user can al so perform  t opology cal culations on t he network and modify the 
network (e.g., rem oving som e nodes according to their presence in an experimental 
condition). Our sy stem uses a vari ety of m ethods for such st udies. Below, we describe 
few that have been utilised in the examples of the paper. 

3.2 Topology of a network 

The m olecular en tities o f th e cell fo rm a v ery co mplicated an d d ynamic interacting 
system. One of the major challenges of cont emporary bi ology i s t o underst and  
the st ructure of t his com plex web of interactions. The network structure and their 
dynamics is believed to have a significant effect on the structure and function of the cell 
(Barabasi and Oltvai, 2004). 

The bi ological net works at  t he m olecular l evel can be di vided i nto di fferent  
types of networks such as metabolic pathways, protein-protein interaction and regulatory 
networks. These networks are mutually interdependent and it has been demonstrated that 
they share som e com mon net work propert ies, e.g., t he presence of si ngle modularity 
networks (Barabasi and Ol tvai, 2004;  Han et  al ., 2004;  Gui mera and Am aral, 2005). 
However, the presence of t he modularity in highly integrated biological networks is not 
self-evident as it lacks quantitative support (R avasz and Barabási, 2003). There is thus a 
need for tools that afford the parallel study of multiple biological networks. 

In order to study t hese t opological propert ies we can form alise t he net work 
representation as a graph. Therefore, we appl y m athematical m ethods used i n graph 
theory. 

Let us denot e by  G = (X, U) a graph cont aining t wo set s where 
X = {x1, x2, …, xn, … xN}|X|=N, t he set  of nodes and U = {u1, u2, …, um, … UM}|U|=M th e  
set of edges, where u = [xi, xi+1]i=1…N. A wei ghted graph i s denoted by G = (X, U, W) 
where W: U → ℜ. 

The d istances b etween th e b iological en tities can  b e d erived fro m the path lengths 
within a graph. A path µ of l ength q i s a sequence of edges U(µ) = {u1, u2, …, uq}.  
In a weighted graph the length of the path µ is obtained by summing up all weights of the 
edges of U(µ). In graphs, there are often m any al ternative pat hs bet ween t wo nodes. 
Therefore, in  p ractice o ne is m ainly in terested in  th e sh ortest p ath len gth between the 
selected nodes. W e can obt ain an average pat h length by calculating the shortest path 
between every pair of nodes of a graph and dividing the result by total number of nodes. 
This average value quantitativel y characterises a graph by describing how close to each 
other its nodes are. 
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A graph can be characterised by its degree distribution Px(k) defining the probability 
that an arbi trary node x is connected to k nei ghbours. For m etabolic net works, i t was 
demonstrated that Px(k) decays as a power law Px(k) ≈ k–γ with  γ  ≅ 2.2 in al l organi sm 
(Jeong et al., 2000). This type of  decay function characterises a scale-free network 
topology. This type of distribution is applicable onl y t o a graph where al l edges are 
bidirectional. For t he case of net works containing some unidirectional edges, we would 
be in terested in  an  in-degree di stribution and out-degree di stribution, which define the 
number of in-coming and out-going edges a node x has, respectively. 

Another way to characterise a graph is to  calcu late its clustering coefficient Cx(k) 
which is the density of connect ions in the neighbourhood of a node x (Dorogovtsev and 
Mendes, 2003). It  i s defi ned as t he rat io bet ween t he t otal number n of t he edges 
connected to its k nearest neighbours and the total number of al l possible edges between 
all these nearest neighbours Cx(k) = 2n/k(k – 1). A high clustering coefficient Cx(k) would 
suggest a modular organisation. 

It has been shown t hat m ost of complex networks (e.g., biological networks,  
world wide web, actor networks) are scale free networks with high clustering coefficient 
(Ravasz and B arabási, 2003). Thi s m eans t hat t here are few dom inating hubs whi ch  
lead t o propert ies such as hi gh t olerance t o random  fai lures. On the other hand, the 
network can col lapse i f one el iminates as few as 5–15% of i ts highly connected hubs. 
Recent studies showed that m etabolic networks contain a hierarchical modularity 
(Kanehisa et al., 2004). This modularity combines two features into one net work type. 
According to this modularity study, graph’s in- and out-degree distributions follow power 
law Px(k) ≈ k–γ, with  a co nstant γ ∈ ℜ, and t he dependence of the clustering coefficient 
follows the power law Cx(k) ≈ k–γ as well. 

3.3 Network projections 

The main purpose of dat a project ion i s t o m ap a hi gh di mensional dat a t o a l ower 
dimensional space in order to be able to vi sualise them  in a context-based m anner.  
The methods implemented in our system so far are the Sammon’s NLM (Sammon, 1969), 
CCA (Demartines and Hérault, 1997) and CDA (Lee et al., 2004a). 

All projection methods we used share common features: 
Let *

ijd  denote distance, by some metric, between two points i and j in  the original  
K-dimensional input space A and let dij denote the distance between points i and j in the 
L-dimensional (where L < K) output space B. In addi tion, every  project ion m ethod  
we have used has an error function Err(.) which includes these two distances and  
some weight function which decides on how m uch sm aller or l arger di stances we  
try to preserve. 

All methods try to minimise an error funct ion iteratively, either by steepest gradient 
descent (NLM) or stochastic gradient descent (CCA and CDA). 

3.3.1 Sammon’s Non-Linear Mapping (NLM) 
Sammon’s NLM (Sammon, 1969) error function is the following: 

2*( )1Err .**

K
ij ij

K
i j ijiji j

d d
dd <

<

−
= ∑
∑
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NLM algorithm tries to minimise Err by always descending towards the steepest gradient. 
It m ay t hus end up i n a l ocal minimum and the convergence may be slow.  
Its tim e-complexity is o f O(n²). Therefore i t m ay be t oo sl ow for dat a wi th t ens of 
thousands of points, especially when the original dim ensionality K is larg e, an d is not 
appropriate for interactive work. 

3.3.2 Curvilinear Component Analysis (CCA) 
CCA at tempts t o preserve l ocal t opology by  favouri ng fi rst short  distances, and long 
distances afterwards. The error function is formalised as follows:  

21 *Err ( ) ( , ( ))
2 ij ij ij

i i j
d d F d kλ

≠

= −∑∑  

where F(dij, λ(k)) i s t he wei ghting nei ghbourhood funct ion t hat decreases wi th its 
arguments, t hus favours l ocal t opology preservat ion. C omputationally C CA i s lighter 
than NLM because CCA reduces  the com putational cost of finding m inima by using 
stochastic gradient descent and by optionally using vector quantisation to create centroids 
that approxi mate som e groups of poi nts i n K-space. W ithout quantisation CCA’s  
time-complexity is of O(n²) and with vector quantisation O(n*n′) where n′ is the number 
of centroids created in vect or quant isation. Therefore, the tim e-complexity b ecomes 
O(n²) with inefficient vector quantisation. 

3.3.3 Curvilinear Distance Analysis (CDA) 
Instead of calculating Euclidean distances between points of an object, CDA calculates 
curvilinear distances, denoted by δij, between points of a structure by creating a graph out 
of cen troids. After th at it calcu lates th e sh ortest p ath between two prototypes of the 
codebook after quantisation and linking of the prototypes. Th e curvilinear distances are 
used instead of Euclidean distances. The error function becomes then: 

21 *Err ( ) ( , ( )).
2 ij ij ij

i i j
F d kδ δ λ

≠

= −∑∑  

CDA’s tim e-complexity is o f O(n′e + n′2ln(n′)), where e i s num ber of edges created 
between centroids, n′ num ber of cent roids and n num ber of dat a-points. This follows 
from the complexity of Dijkstra’s (1959) short est path algorithm that i s used for every  
centroid. That becomes O(n.e + n2ln(n)) with inefficient vector quantisation. 

In the worst case the runtimes of CDA may seem to be very long compared to that of 
CCA o r NLM. Ho wever, in  p ractice its ru ntime is n ear th at o f CCA wh ich is much 
shorter than that of NLM. The use of curvilinear distance measure provides much better 
results than CCA wh en K-space has com plex features. In the following section, we will 
apply CDA projection method to visualise t he m etabolic net work i n a cont ext-based 
manner. 
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4 Applications 

4.1 Network retrieval and topology study 

The topological properties of biological networks have been an i ntense t opic of 
computational bi ology research (Jeong et  al., 2000, 2001; Ari ta, 2004;  B arabasi and 
Oltvai, 2004). A practical step necessary to re trieve specific networks involved in such 
studies requi res devel opment of parsers t o retrieve t hose net works from appropriate 
databases. Since it is becoming clear the topology of biological network may also need to 
be vi ewed i n t he cont ext of sy stems dy namics (Luscom be et  al ., 2004), the future 
research in  th is d omain wo uld b enefit fro m ability to retrieve biological networks 
corresponding t o di fferent bi ological st ates easi ly from the life science databases and 
experimental data. 

A simple example of a net work retrieved from our database is presented in Figure 3, 
showing a result from a q uery fo r th e co mplete m etabolic n etwork fro m KEGG 
(Kanehisa et  al ., 2004) for S. cerevisiae species. This network can  then be investigated 
for lo cal stru ctures, lin ks to  o ther n etworks an d b iological en tities, as well as for  
the global studies such as anal yses of net work scal ing propert ies. Fi gure 4 shows t he 
calculated degree distribution of the yeast metabolic network retrieved from KEGG, with 
the nodes bei ng t he enzy mes and t he edges connections between the enzymes via 
metabolites as substrates or products. Figure 5 shows the calculated degree distribution  
as a function of node degree for t he sam e net work. It  appears t hat nei ther of t hese 
distributions fo llows th e p ower law id eally, wh ich is in contrast with previous  
findings st ating t hat t he hi erarchical m odularity i s present  i n m etabolic networks  
(Jeong et al., 2000). W e can see from  Figure 3 t hat there is one l arge metabolic island 
which contains most nodes of t he graph. The presence of several  small islands may be 
explained by the lack of the connectivity data in  KEGG. Th ese islands affect th e to tal 
distributions. 

Figure 3 Result of a retrieval of complete yeast metabolic network from megNet using a simple 
query for KEGG and S. cerevisiae 
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Figure 4 Degree distribution of the yeast metabolic network shown in Figure 3.  
It appears that the degree distribution does not follow the power law which means  
that there is no hierarchical modularity in this metabolic network 

 

Figure 5 Clustering coefficient as a function of node degree for the yeast metabolic network. 
Here the clustering coefficient does not seem to follow the power law either,  
which suggests that there is no hierarchical modularity in our network 

 

In order to demonstrate the use of cont ext for vi sualisation wi th C DA project ion 
algorithm, we ret rieved a KEGG metabolic pathway wi th Gene Ont ology (Ashburner  
et al., 2000) annotations for S. cerevisiae species. Figure 6 shows zoomed in result of that 
retrieval in the neighbourhood of the tricarboxylic acid cycle biological process, whi le 
the CDA projection of that graph is shown in Figure 7. In this projection the tricarboxylic 
acid cycle biological process is biased so that its incident edges have lower weights than 
the other edges of the graph. W e can see t hat in  th is p rojection th ere are two  m ain 
clusters. In one cluster there are the tricarboxylic acid cycle Gene Ont ology t erm 
(Number 1) and its neighbour nodes. Therefore, we may conclude that in this metabolic 
pathway there i s a group of enzy mes and com pounds that are st rongly involved in the 
tricarboxylic acid cycle biological process and t here i s anot her group t hat i s weakl y 
involved in this process. 
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Figure 6 A zoom of a yeast metabolic pathway in the neighbourhood of tricarboxylic acid (TCA) 
cycle (GO:0006099). Proteins involved in the TCA cycle biological process are 
clustered near the TCA cycle Gene Ontology term 

 

Figure 7 A Curvilinear Distance Analysis projection biasing tricarboxylci acid cycle. The 
projection was obtained by lowering the distance of all connected edges to TCA node 
(number 1) in the above graph 

 

4.2 Protein neighbourhood search as a context dependent annotation 

Assignment of protein function is a nontrivial task due to the fact that the same proteins 
may be involved in different biological processes, depending on the state of the biological 
system and prot ein l ocalisation. Therefore, prot ein funct ion i s cont ext dependent .  
Protein databases such as Uni Prot (Bairoch et al., 2005) contain information on protein 
function in text format. For example, PPAR gamma (UniProt id: P37231) is annotated as 
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“Receptor that binds peroxisome proliferators such as hypolipidemic drugs and 
fatty acids . Once activated by  a ligand, the receptor binds  to a promoter 
element in the gene for acy l-CoA oxidase and activates its transcription.  
It therefore controls the peroxisomal beta-oxidation pathway  of fatty  acids.  
Key regulator of adipocy te differe ntiation and glucose homeostasis.” 
(http://www.expasy.org/cgi-bin/niceprot.pl?P37231) 

Such information may not be satisfactory if interested in the role of this protein in context 
of specific disease (PPAR γ i s known t o be i nvolved i n a vari ety of diseases, such as 
diabetes, osteoporosis, and cancer), tissue l ocalisation (PPAR  gamma act ually has t wo 
main isoforms, 1 and 2, of which PPAR gamma 1 is expressed in all tissues, while PPAR 
gamma 2 is m ainly expressed in adipose tissue; we have been recently involved in the 
characterisation of the latter (Medina-Gomez et al., 2005), or relationship with a specific 
group of proteins. We have previously proposed the network based approach to annotate 
proteins i n cont ext dependent  m anner by  usi ng t he ‘prot ein neighbourhood search’ 
(Gopalacharyulu et al., 2005), i.e., exploring the local relationships of proteins with other 
biological entities such as proteins, genes, biological processes etc. 

As an  illu stration o f the u tility o f the approach, we q ueried a select set of proteins 
related t o regul ation of energy  hom eostasis and t o i nsulin si gnalling. The following 
human proteins have been queried: 

• Peroxisome proliferator activated receptor gamma (PPARγ; UniProt id: P37231) 

• Peroxisome proliferator activated receptor alpha (PPARα; UniProt id: Q07869) 

• Peroxisome proliferator activated receptor gamma coactivator 1 alpha (PGC1α; 
UniProt id: Q9UBK2) 

• Sterol regulatory element binding protein 2 (SREBP – 2; UniProt id: Q12772) 

• Putative G protein-coupled receptor GPR40 (GPR40; O14842) 

• Putative G protein-coupled receptor GPR41 (GPR41; O14843) 

• Probable G protein-coupled receptor GPR43 (GPR43; O15552). 

The resulting network is shown in Figure 8 . Short descriptions o f select en tities in  the 
network are present ed i n Tabl e 2. W hile det ailed st udy of t he ret rieved protein 
neighbourhood lies beyond the scope of this paper, we will show its use on one exam ple. 
The en tity n umbered 1 0 (Pro tein arg inine N-m ethyltransferase 2 ) d oes n ot have well 
assigned function. The UniProt resource lists the protein function as 

“Probably methy lates the guanidino nitr ogens of arginy l residues in some 
proteins. May  play  a role in transcriptional coactivation. ” (http://www.  
expasy.org/cgi-bin/niceprot.pl?P55345) 

Our data suggests the protein is binding with PPARγ, and so may be related to regulation 
of energy  hom eostasis. Thi s provi des a hy pothesis for desi gning new experi ments t o 
address the function of a protein that would have more likely escaped attention otherwise. 
The topic of transcriptional co-regulators involved i n energy  homeostasis i s a t opic of 
intense research in domains of diabetes and metabolic syndrome (Lin et al., 2005). 
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Figure 8 Query for proteins PPAR gamma, PPAR alpha, PGC1, SREBP 2, GPR40, GPR41,  
GPR43 in HUMANS. The numbered nodes are listed in Table 3. Grey lines are Gene 
Ontology relations, dark grey the regulatory networks, light grey the protein-protein 
interactions 

 

Table 2 Short description of select entities from the network shown in Figure 8 

Label Name 
ID (UniProt/GO 
accession) 

Important 
interactions/associations 
(Identified by Labels 1–32) 

1 Lipid metabolism GO:0006629 – 
2* Sterol regulatory element 

binding protein-2 (SREBP-2) 
Q12772 3, 4 (MINT); 1 (GO) 

3 Transcription factor SP1 P08047 2* (MINT) 
4 Hepatocyte nuclear factor 4 

aplha 
P41235 2*(MINT); 1 (GO) 

5* Peroxisome proliferator 
activated receptor alpha  

Q07869 5* (BIND); 6, 7 (MINT);  
1, 8, 26 (GO) 

6 Retinoic acid receptor  
RXR – alpha 

P19793 5 *(MINT); 9* 
(TRANSFAC – interacting 
factor) 

7 Nuclear receptor corepressor 2 Q9Y618 5* (MINT) 
8 Fatty acid metabolism GO:0006631 5* (GO) 
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Table 2 Short description of select entities from the network shown in Figure 8 (continued) 

Label Name 
ID (UniProt/GO 
accession) 

Important 
interactions/associations 
(Identified by Labels 1–32) 

9* Peroxisome proliferator 
activated receptor gamma 

P37231 10 (BIND); 6,13,14,15 
(TRANSFAC – interacting 
factors); 1,16,17,26 (GO) 

10 Protein arginine  
N-methyltransferase 2 

P55345; EC: 2.1.1 9* (BIND) 

11 Nuclear factor of activated  
T-cells, cytoplasmic 4 

Q14934 9* (TRANSFAC  
– transcription factor of) 

12 CCAAT/enhancer binding 
protein alpha 

P49715 9* (TRANSFAC  
– transcription factor of) 

13 Nuclear factor of activated  
T-cells, cytoplasmic 1 

O95644 9* (TRANSFAC  
– interacting factor) 

14 Nuclear receptor coactivator 1 O00150; EC: 2.3.1.48 9* (TRANSFAC  
– interacting factor) 

15 CREB-binding protein Q92793; EC: 2.3.1.48 9* (TRNASFAC  
– interacting factor) 

16 White fat cell differentiation GO:0050872 9* (GO) 
17 Response to nutrients GO:0007584 9*, 18, 19 (GO) 
18 Somatostatin precursor P61278 17, 20 (GO) 
19 Guanine nucleotide-binding 

protein G(i), alpha-2 subunit 
P04899 17, 20 (GO) 

20 G-protein coupled receptor 
protein signalling pathway 

GO:0007186 18, 19, 21*, 22*, 23*,  
24, 25 (GO) 

21* Putative G protein-coupled 
receptor GPR40 

O14842 20 (GO) 

22* Putative G protein-coupled 
receptor GPR41 

O14843 20 (GO) 

23* Probable G protein-coupled 
receptor GPR43 

O15552 20 (GO) 

24 Vasopressin V1a receptor P37288 20, 26 (GO) 
25 Melanin-concentrating 

hormone receptor 1 
Q99705 20, 26 (GO) 

26 Generation of precursor 
metabolites and energy 

GO:0006091 5*, 9*, 24, 25, 32 (GO) 

27* Peroxisome proliferator 
activated receptor gamma 
coactivator 1 alpha 

Q9UBK2 28, 30, 31 (GO) 

28 Gluconeogenesis GO:0006094 27*, 29 (GO) 
29 Glucose metabolism GO:0006006 32 (GO) 
30 Positive regulation of histone 

acetylation 
GO:0035066 27* (GO) 

31 Thermoregulation GO:0001659 27* (GO) 
32 Insulin precursor P01308 26, 29 (GO) 

*Denotes an entity used in making the query for network construction. 
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Table 3 Short description of a few select entities from the network presented in Figure 6 

Label Name/description 
ID (UniProt/GO 
accession/EC number) 

1 tricarboxylic acid cycle GO:0006099 
2 alpha-4-beta-4 subunit of mitochondrial isocitrate 

dehydrogenase 1 
P28834, 1.1.1.41 

3 alpha-ketoglutarate dehydrogenase P20967, 1.2.4.2 
4, 5 Aconitase, mitochondrial P19414, 4.2.1.3 
6 NAD+-dependent isocitrate dehydrogenase P28241, 1.1.1.41 
7 Mitochondrial isoform of citrate synthase P43635, 2.3.3.1 
8 Fumarase; converts fumaric acid to L-malic acid in the TCA 

cycle. The GI molecule identifier below refers to the protein 
encoded by this gene 

P08417, 4.2.1.2 

9 alpha subunit of succinyl-CoA ligase (synthetase;  
ATP-forming), a mitochondrial enzyme of the TCA cycle 

P53598, 6.2.1.4 

10 citrate synthase. Nuclear encoded mitochondrial protein P00890, 2.3.3.1 
11 alpha-ketoglutarate dehydrogenase P20967, 1.2.4.2 
12 dihydrolipoyl transsuccinylase component of  

alpha-ketoglutarate dehydrogenase complex in mitochondria 
P19262, 2.3.1.61 

4.3 Type 1 Diabetes gene expression data 

The net work edges drawn i n previous examples were based on exi sting knowl edge 
resources such as pathways and ontologies. However, the network representation affords 
extension t o ot her rel ationships, such as gene sequence si milarity or co-regul ation of 
molecules b ased o n p rofiling ex periments (o r collection of multiple experiments).  
The form er m ay be part icularly useful  when building metabolic models of species  
with unannotated genomes based on t he existing metabolic models from well annotated 
species. Th e latter m ay b e u tilised to  in terpret th e data obtained from molecular  
profiling experi ments. For exam ple, appl ications have been report ed l inking the  
gene co-expressi on obt ained from micro-array experi ments t o funct ional m odules i n 
cancer cells (Segal et al., 2004). W e have previously utilised the correlation network 
approach to integrate across metabolite, protein, and gene level experimental profile data 
(Oresic et al., 2004). 

As an illustration of combining gene expression data with the existing pathways and 
ontologies, we utilised gene expression data from  m ouse c ongenic strains in a study 
related t o Ty pe 1 Di abetes (Eaves et  al ., 2002). W e processed t his data as explained 
below i n order t o const ruct t he query . The resulting network i s shown i n Fi gure 9.  
Some relevant en tities in  n etwork are in dicated with  th eir n ames. Th e g ene ex pression 
data is incorporated as follows: 

• Normalised dataset is downloaded from the NCI GEO database 
(www.ncbi.nlm.gov/geo). GEO accession number of the data is GDS10. 

• Pearson correlation coefficients are calculated for every pair of genes. 

• Based on distribution of correlation coefficients a cut-off correlation of 0.997  
is set to select only highly correlated pairs (the cut-off can be varied as part of the 
exploratory analysis). One hundred and sixty six gene pairs pass this cut off. 
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• These gene pairs and their correlation values are defined as a relational table  
in Oracle database. 

• We compared the Diabetic strain data with Non diabetic strain data from Spleen.  
The procedure for calculating the intensity ratios is explained below: 

• The Average Intensity values (AI) contain negative values. Hence these values are 
shifted so that the least AI value becomes 1. AI values in all samples are shifted by a 
constant value of 49. 

• Average of each group of samples is calculated. 

• Ratio between average corresponding to diabetic samples is taken over average 
corresponding to non diabetic samples. 

• These values are then visualised such that down regulated genes appear in green,  
up-regulated genes appear in red and expression level of each gene determines a 
colour between these two extremes. 

The larg est u pregulated clu ster is clearly related  to lipid and glucose metabolism, but 
perhaps most curious finding being the u pregulated BRCA1  an d BRCA2  g enes with in 
this cluster. BRCA genes are associated w ith breast cancer, but are known to be highly 
expressed in spleen and associated with immune response. How these genes specifically 
relate to Type 1 Diabetes is unclear, and certainly this finding is worthy of further study. 
In anot her upregul ated sm all cl uster of genes we found associ ation with beta-cell 
proliferation, which is a known response to increased rate of beta-cell apoptosis in Type 1 
Diabetes. 

Figure 9 Correlation network of gene expression data related to Type 1 Diabetes  
from Eaves et al. (2002) 
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5 Discussion 

In this paper we introduced an approach and a sy stem which affords integration, mining, 
and visualisation of sy stems bi ology dat a. Three exam ples were gi ven i n dom ains of 
network topology studies, context-dependent protein annotation, and integration of gene 
co-expression dat a wi th avai lable pat hway knowl edge. It  i s evident that the studies of 
complex organi sms such as m ammals, for exam ple i n the context of drug discovery, 
generate datasets rep resenting p hysiological p rocesses at m ultiple sp atial an d tem poral 
levels. Th is n ecessitates th e d ata in tegration so lutions th at facilitate m ining o f su ch 
diverse data (Gopalacharyulu et al., 2005; Oresi c et  al ., 2004;  van der Greef and 
McBurney, 2005; Searls, 2005). Depending on av ailability of data, this m ay include 
building asso ciations an d d ependencies acro ss b iological en tities, eith er b ased o n 
available knowledge such as ontologies or on mathematical models. As we have shown in 
this paper, these two approaches are not mutually exclusive. 

Our i ntegration approach i s based on t he prem ise t hat rel ationships between 
biological en tities can  b e rep resented as a co mplex n etwork. Th e in formation in  such 
networks forms a basi s for exploratory mining, as wel l as for devel opment of predictive 
models. Distances between different nodes i n an i ntegrated network play a central role.  
In order to calculate distances, one first needs to define distance m easures across 
heterogeneous types of i nformation. We are t aking a pragm atic approach by letting the 
user define the distances as a part of th e query. This is reasonable since the distance 
basically defines the context of t he quest ions posed by the user and al lows biasing the 
similarity toward particular types of relationships, or towards a relationship in a specific 
context. Once the distance measure is specified, we can map the nodes of the graph into a 
lower dimensional space. We introduced and implemented three methods to perform such 
mappings: Sam mon’s m apping, C CA and C DA. As t hese m appings are approximate, 
there will be some distortion while d oing th e m apping. Th erefore, in  o ur o pinion th e 
exact form  of di stance m easure i s not  a cri tical issue, as far as it underlines the 
relationships i n t he concept  graph. In fact , selection of distance m easure may reflect a 
subjective choice and as su ch will b e subject to debate. It is ultimately the end result of 
mining that determines the utility of specific distance measure. 

The three examples described in  th is paper demonstrate the u tility of our approach. 
We show how the study of g lobal network properties is facilitated using our approach. 
Similarly, t he l ocal propert ies of net works can be st udied, as wel l as t he propert ies of 
integrated networks (i.e., cro ss-talk between metabolism and cell signalling). Related to 
the second example, current annotation of proteins using e.g., Gene Ontology or UniProt 
do not  t ake i nto account  t he com plexity a nd cont ext-dependency of prot ein function  
and interactions. W e i ntroduced a vi sual approach whi ch enabl es cont ext dependent  
interpretation. For example, in a query  of six proteins related to energy homeostasis and 
insulin signalling we found a pot ential funct ion for current ly poorly annotated protein. 
We also extended the data integration framework to include experimental data. As a third 
example, we performed exploratory data analys is that linked clusters of gene expressi on 
profiles from spleen of NOD mouse model of Ty pe 1 Di abetes t o known i nteractions, 
regulatory pat hways and ont ologies rel ated t o t he gene product s wi thin t he clusters. 
While the ‘pathway analysis’ (Curtis et al ., 2005) has already been widely utilised for 
analyses of gene expressi on dat a, our approach affords analysis across both physical 
interaction information (i.e., regulatory networks, protein-protein interactions, metabolic 
networks) as wel l as across known pat hway annotations. As such it enables visual 
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exploration of patterns found in data, facilitating to answer the first question any biologist 
is after when attempting to interpret high-dimensional micro-array data, i.e., what appears 
to be going on in the system based on the experimental evidence. 

The pathway integration framework described in this paper is not limited only to the 
static biological pathways. Other models can be incorporated as well, as long as they are 
represented in the exchangeable schemas such as SBML or CellML. Our framework then 
affords further model refinement using interaction and ontology information from diverse 
sources. In addi tion, the metabolic models from well characterised sp ecies such as yeast 
(Förster et  al ., 2003) can be ext ended t o l ess characterised related species. The data 
mining m ethods descri bed i n t he paper are l argely focused on integration across 
heterogeneous sources and m apping of com plex networks into lower-dim ensional space 
for the purpose of vi sualisation. What is needed i s incorporation of more advanced dat a 
mining methods for statistical analysis and modelling of data. W e believe the network 
framework opens new p ossibilities fo r an alyses o f co mplex h eterogeneous life  
science data. 

Currently our system is able to visualise data at molecular level. One of the remaining 
challenges would be to visualise m ultiple le vels (Saraiya et al., 2005). This kind of 
approach would enable us to investigate how a small change at the molecular level affects 
the higher abstract level (e.g., t issue or organ level). Another appealing challenge would 
be to vi sualise biological networks i n t hree dimensions (Changsu Lee and Park, 2002;  
Férey et al., 2005). 

6 Conclusions 

We presented an integrated database software system  th at en ables retriev al  
and vi sualisation of bi ological rel ationships across het erogeneous dat a sources.  
We demonstrate the utility of our approach in three applications: full metabolic network 
retrieval wi th net work t opology st udy, expl oration of propert ies and rel ationships  
of a specific set of proteins, and combined vi sualisation and expl oration of gene 
expression data with related pathways and ontologies. We believe our approach facilitates 
discovery of novel or unexpected relationships, formulation of new hypotheses, design of 
experiments, data annotation, interpretation of new experi mental data, and construction 
and validation of new network-based models of biological systems. 
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