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Abstract 

Determining the biolog ical function o f a myriad 
of genes, and und erstanding ho w they interact to 
yield a living cell, i s the major challenge of the 
post genome-sequencing era.  The complexity of 
biolog ical systems is such, that this canno t be 
envisaged withou t the help o f powerful computer 
systems capable of representing and analysing the 
intricate networks of physical and functional 
interactions between the different cellular 
compon ents.  In this paper we try to provide the 
reader with an appreciation o f where we stand in 
this regard.  We discuss s ome of the inherent 
prob lems in describing the different facets of 
biolog ical function, give an overview of how 
information on function is currently represented in 
the major biolog ical databases, and d escribe 
different systems for organising and categorising 
the functions of gene products.  In a second p art, 
we present a new general data model, currently 
und er development, which describes information 
on molecular function and cellular processes in a 
rigorous manner. The model is capable of 
representing a large variety of biochemical 
processes , includ ing metabolic pathways, 
regulation o f gene express ion and signal 
transduction.  It also incorporates taxono mies for 
categorising molecular entities and interactions, it 
offers means of viewing the information at 
different levels of resolution, and d ealing with 
incomplete knowledge.  The data model has been 

implemented in the database on p rotein function 
and cellular processes ‘aMAZE’ 
(http://www .ebi.ac.uk/research/pfbp/), which 
presently covers metabolic pathways and g ene 
regulation.  Several too ls for querying, displaying, 
and p erforming analyses on such pathways are 
briefly described in order to ill ustrate the practical 
applications enabled by the model.  

Keywords: Databases, metabolic, networks, 
pathways, function, genomics 

  Introdu ction 

The availability of a growing number of completely 
sequenced genomes is changing the way in which 
research in biology is performed.  So far, investigations 
focused mainly on the properties of single genes and 
proteins. With the imminent availability of the complete 
sequences from 50 genomes ranging from bacteria to 
human, it will become possible to study how the 
individual genes and gene products co-operate to give 
rise to complex cellular processes. This holds the 
promise of greatly facilitating the identification of 
targets for drugs that will cure human aliments, and of 
harnessing cellular processes to serve man’s needs.   

But before this vast potential can be exploited, the 
genome sequence information need to be decoded in 
terms of the biological function of the gene products. 
This as it turns out, is a much more ambitious and 
challenging task than the sequencing effort itself. This 
is due to several reasons, not the least of them being 
the complexity of the very notion of biological function.    

First of all, biological function may be described at 
different levels. When we investigate the functional 
properties of the isolated protein, we are dealing with 
molecular function. For an enzyme such as 
aspartokinase, the molecular function is catalysis of a 
given reaction -the phosphorylation of aspartate- 
characterised by its substrate specificity, catalytic 
constants and mechanism. When studying this 
enzyme in the cellular context we are interested in the 
cellular process in which it is involved – its cellular 
function.   The documented cellular function of 
aspartokinase in bacteria, is catalysis of the first step 
in the common biosynthetic pathway leading from 
asparagine to methionine, lysine, and threonine, 
respectively. 

Second, it is not uncommon to find that a protein 
carrying out a given molecular function is involved in 
very different cellular processes. For example, the 
drospophila transcription factor Scute, is involved in 
both sex determination and positioning of neural 
precursors, two apparently unrelated processes.  The 
picture is further complicated by the frequent 
observation that the cellular and molecular functions of 
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a given protein can both vary with its cellular 
localisation, the cell type in which it is expressed, its 
oligomerization state, or with the change in the cellular 
concentration of effector molecules (Jeffery, 1999).  

Characterising the biological function of a gene 
product thus requires combining information from 
different levels of the molecular and cellular 
organisation.  Classically, this undertaking has been 
achieved by systematic biological and biochemical 
experimentation.  But, with the increasing realisation 
that there probably is a limited repertoire of genes and 
proteins shared by most or possibly all organisms, and 
mounting evidence that shared proteins tend to carry 
out the same or similar functions in different 
organisms, predictive approaches based on inference 
have become widely used.  

In their simplest form, they involve matching the 
newly determined sequence of each protein, taken 
individually, to the known sequences of proteins whose 
function has already been characterised and 
tentatively assigning the characterised function to the 
new protein (Hodgman, 2000).  In more sophisticated 
versions functional links between proteins are also 
considered. In the so-called ‘metabolic reconstruction’ 
approach (Hodgman, 2000, Goryanin et al., 1999, 
Overbeek et al., 2000), one or more uncharacterised 
proteins are predicted to participate in a specific 
metabolic pathway if their homologues are known to 
do so from experiment (Marcotte et al., 1999b). In 
other methods, proteins whose homologues are fused 
into a single gene in another organism are predicted to 
be physically or functionally linked (Marcotte et al., 
1999a, Marcotte et al., 1999b, Enright et al., 1999). 
Attempts have also been made to infer functional links 
between proteins on the basis of a common pattern of 
evolution in different organisms (Pellegrini et al., 
1999), or based on the information that the 
corresponding genes may be co-regulated in a given 
organism (Hughes et al., 2000). 

In parallel, efforts to develop new experimental 
procedures for large scale functional characterisation 
of gene products have also been undertaken. These 
include high-throughput techniques such as micro-
array based gene expression analysis (Brown and 
Botstein, 1999, DeRisi et al., 1997), two-hybrid 
interaction screens (Transy and Legrain, 1995, Colas 
and Brent, 1998, Uetz et al., 2000) and the techniques 
for analysing expressed proteins (the 'proteome'), 
which combine 2D gel electrophoresis with automatic 
N-terminal sequence analysis by Edman degradation 
or mass spectroscopy (Williams, 1999). All these 
procedures generate enormous amounts of data, 
which in turn, need to be interpreted on the basis of 
available knowledge on the molecular and cellular 
function of genes in a continuous bootstrap approach 
within and across organisms.  

These recent developments bring to the forefront 
the pressing need to use the full power of computers in 
order to develop better tools and systems for 
representing and analysing information on biological 
function. 

The present paper focuses on this important 
problem. In a first part we review the ways in which 
molecular and cellular functions of genes and proteins 
are currently represented in the major biological 

databases. This includes a brief discussion of the 
various specialised databases representing 
information on metabolic pathways, gene regulation 
and signal transduction, and of several efforts to 
catalogue and categorise biological function and 
processes.  

In a second part we describe a general data model 
for representing information on biological function in 
the computer, currently under development in our 
laboratories. This model describes the physical and 
functional interactions between genes and proteins as 
forming a large complex network.  The network is 
constructed from two basic classes of objects, 
biological ‘entities’ (typically molecules) and 
‘interactions’ (for example, a chemical reaction, 
catalysis or inhibition). The latter can link entities to 
other entities, entities to interactions, or interactions to 
other interactions. This allows the description of a 
large variety of biochemical processes. In addition, 
taxonomies are used to describe the relationships 
between generic and specific biological entities, as 
well as between generic and specific interactions, 
offering means of viewing the information at different 
levels of resolution, and dealing with incomplete 
knowledge.  

This data model is being used to develop the 
database on protein function and cellular processes 
‘aMAZE’ (http://www.ebi.ac.uk/research/pfbp/), which 
currently covers metabolic and regulatory pathways.  
Several tools for querying, displaying, and performing 
analyses on such pathways are briefly described in 
order to illustrate the practical applications enabled by 
the model.  

Representation o f function in 
biolog ical databases 

Information on function in sequence and structure 
databases 

In the major biological databases, information is 
organised primarily on the basis of single biological 
entities. Typical examples are the EMBL (Baker et al., 
2000) and GenBank databases (Benson et al., 1999), 
which contain one entry per gene, and SWISS-PROT  
(Bairoch and Apweiler, 2000), where each entry 
essentially corresponds an individual polypeptide. In 
the Protein Databank (PDB) (Berman et al., 2000), 
entries most commonly represent the structure of a 
single macromolecule, or that of a macromolecular 
complex (such as a multi-subunit protein, a protein-
protein or protein-DNA complex).  

Though these databases were created chiefly for 
storing information on primary, tertiary, and quaternary 
structure, a significant effort has also been made to 
include functional annotation. SWISS-PROT is 
certainly one of the database containing the most 
extensive and accurate information about protein 
function. This information pertains to both, molecular 
and cellular function. However, the organisation of 
these databases still reflects their primary focus, and 
information on function is stored in a few general 
description fields, essentially as free text.  For 
example, the product of the Escherichia coli putA gene 
is described as a bifunctional enzyme in the 
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“description” field of SWISS-PROT, whereas its third  
role as a repressor of transcription appears in the 
‘comment’ field. This makes it rather difficult for any 
computer program to extract the information. For 
enzyme function, on the other hand, the situation is 
more favourable, with the hierarchic EC nomenclature 
system (EC number) being used to define and 
categorise catalysed reactions (Bairoch, 1993). But the 
relation between an EC number and a polypeptide is 
often ambiguous. Indeed, a given polypeptide can 
sometimes be characterised by several EC numbers, 
because it contains several domains, each catalysing 
a different reaction. Alternatively, the association of 
several different polypeptides may require to catalyse 
a given reaction, catalogued under a single EC 
number. 

In parallel to the centralised sequence databases, 
independent resources have been developed for 
organism-specific genome projects. Some examples 
are listed in Table 1. These resources are also 
organised by entries corresponding to single genes, 
and contain information, which is sometimes 
redundant and sometimes complementary to the 
annotations in the centralised databases. 

 Two well-documented problems with the 
annotations in these databases need to be mentioned. 
Due to the mounting difficulty in generating 
experimental evidence for the rapidly increasing 
number of sequences, tentative functions assigned by 
inference are often used in turn to make further 
inference, leading to a rapid propagation of errors 
(Kyrpides and Ouzounis, 1999). The origin of such 
errors can however not be traced back easily, because 
no reference is given to how a given functional 
assignment was obtained 

Another problem, recently amplified by the 
multiplicity of independent annotation efforts, is that 
different databases, and sometimes even different 
annotators of the same database, use different terms 
to describe the same biological molecule or process. 
This problem is being addressed in various ways, by 
the use of synonym tables, or by the definition of 
specialised vocabularies, hopefully agreed upon by the 
different databases.  

Specialised databases 

Driven by the need for a more detailed and precise 
description of molecular and cellular function, several 
specialised databases have been developed. Some 
have focused more specifically on molecular function, 
others on cellular function or on the integration of both 
levels of function. The most prominent specialised 
databases are listed in Table 2.  

Molecular function 
Several databases have been designed to 

represent in detail the function of a specific class of 
proteins. ENZYMES (Bairoch, 1993), BRENDA 
(http://www.brenda.uni-koeln.de), and EMP (Selkov et 
al., 1996, Overbeek et al., 2000) describe enzymes; 
YTPdb (André, 1999) describes yeast membrane 
transporters; CSNdb (Takai-Igarashi et al., 1998) is 
focussed on signalling pathways; Transfac (Wingender 
et al., 2000, Knuppel et al., 1994) and RegulonDB 

(Huerta et al., 1998) deal with transcriptional 
regulation.  

Several of these databases are also organised 
around structural entities, but with a clearer separation 
between biological function and structure. For 
instance, Transfac defines proteins, genes and 
regulatory sites (cis-acting elements), and represents 
interactions as relationships between these different 
entities. In BRENDA and ENZYMES, each entry 
corresponds to a catalysed reaction, identified by its 
EC number, and groups information on all the 
enzymes known to catalyse this reaction. EMP is 
organised by literature citation.  

In some more recent databases, such as that on 
cell signalling networks, CSNdb (Takai-Igarashi et al., 
1998), information is explicitly split between two types 
of objects, describing molecules and interactions 
respectively. GIFdb (Genes Interacting in the Fly) 
(Jacq et al., 1997), focuses on protein-protein and 
protein-DNA interactions, and contains one record per 
interaction. The Database of Interacting Proteins (DIP) 
(Xenarios et al., 2000) stores experimentally 
determined protein-protein interactions, with each 
record describing one interaction between two 
proteins.  

Cellular processes  
In recent years several databases representing 

higher levels of functional organisation in the cell have 
been developed. These have primarily focused on 
metabolic pathways, which are among the best-
documented cellular processes.  

Three main databases on metabolic pathways 
must be mentioned. KEGG (Kyoto Encyclopaedia on 
Genes and Genomes) (Kanehisa and Goto, 2000), 
WIT/MPW (Overbeek et al., 2000), and 
EcoCyc/MetaCyc (Karp et al., 1996, Karp et al., 2000). 
In all of them, pathways are represented as collections 
of molecular functions. A typical example is KEGG, 
where generic metabolic pathways are stored as 
unordered collections of catalysed reactions. The order 
of the reactions is not stored within the pathway entry 
itself, but is provided by the graphical representations 
(maps). Organism-specific pathways are then defined 
by mapping into each generic pathway, the set of 
reactions catalysed by the relevant gene products of 
the selected organism. Information on the small 
molecule (compounds) involved in the pathways is 
stored in the sister database, LIGAND. 

The same holds for MPW (Selkov et al., 1998), 
which consists primarily of a large collection of 
pathway graphs, associated with detailed annotations 
on individual pathway components (enzymes, 
substrates, products, etc...). EcoCyc is based on a 
more sophisticated hierarchic data organisation. It 
provides graphical representations of pathways, as 
well as literature-based annotation of gene and protein 
functions, and a detailed representation of small 
molecule compounds. Originally restricted to metabolic 
pathways in Escherichia coli, EcoCyc is currently being 
extended to other organisms and other types of 
pathways (MetaCyc), 

The tools available for querying the information 
stored in these databases are in general rather 
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rudimentary. They are essentially limited to browsing, 
visualising the pathway graphs, and retrieving 
information on genes, proteins, compounds and so on, 
on the basis of user specified criteria. KEGG however, 
allows to compute all the possible pathways between 
two specified compounds, and provides the output in a 
textual form. This is done using specialised tools 
operating directly on the unordered collections of 
stored enzymatic reactions. Analogously, in the cell 
signalling database CSNdb, which does not store pre-
defined collections of molecules and functions, 
pathways can be calculated by interconnecting 
partners of successive interactions, and represented 
graphically using a hierarchical graph layout algorithm.  

Categorising functions and p rocesses  

An important first step toward acquiring 
understanding of molecular and cellular function is to 
build systems for organising and categorising functions 
of gene products (for review see (Riley, 1998)). An 
attempt in this direction was made as early as 1983 for 
categorising the genes of E-coli. Further attempts to 
classify genes by their cellular function followed 10 and 
13 years later (Riley, 1993, Riley, 1998).  A similar 
functional catalogue has been defined by the Munich 
Information Center for Protein Sequences (MIPS) 
(Mewes et al., 2000) for the annotation of the yeast 
genome.  

Further systems for describing information on 
molecular and cellular function have been built as part 
of the development of specialised databases such as 
EcoCyc and others. Some of these systems go a 
significant way towards describing the richness and 
complexity of biological information. Typically, they 
also include a vocabulary of terms and some 
specifications of their meaning, which can be used to 
ensure uniform annotation and to facilitate sharing 
information between different databases. In computer 
science similar systems are called ‘ontologies’ 
(Uschold et al., 1998), a term, adapted somewhat 
freely, from the field of philosophy. Reference to 
ontology in biology has been introduced only recently 
(for a recent review, see (Stevens et al., 2000), and 
different ‘ontologies’, developed for different purposes, 
can be mentioned as examples. These include the 
RiboWeb ontology (Altman et al., 1999) for the 
description of ribosome components and their function 
and the EcoCyc ontology, developed as part of the 
data structure underlying the EcoCyc database. The 
Ontology for Molecular Biology (OMB) (Schulze-
Kremer, 1997, Schulze-Kremer, 1998) and the 
TAMBIS ontology (Baker et al., 1999), are attempts to 
standardise annotation and to enable asking questions 
over different molecular biology databases. The more 
recent Gene Ontology consortium (GO) (Ashburner et 
al., 2000) represents a coordinated effort of three 
organism-specific databases (drosophila, yeast and 
mouse). It defines three independent taxonomies to 
describe molecular function, cellular processes and 
cellular locations, respectively. Each gene can be 
annotated according to these three taxonomies.  

Representing and analysing cellular 
processes in the computer: the 
aMAZE database 

In order to achieve understanding of how living 
cells function, we need to go beyond defining and 
categorising function. Indeed, we must be able to 
represent the complex network of physical and 
functional interactions that take place in the living cell, 
in ways which enable us to manipulate and analyse it 
using the full power of computers. This requires rules, 
which define how the individual molecular functions 
and processes interconnect to form the network. 

In what follows we describe a data model for 
representing and integrating different types of 
molecular functions and cellular processes in the 
computer, which has the ambition of adequately 
addressing several of the major requirements of the 
field. This data model has been recently implemented 
in the database on Protein Function and Biochemical 
Pathways (aMAZE),  
(http://www.ebi.ac.uk/research/pfbp/). As an illustration 
of the type of applications enabled by the database, 
we give examples of several software tools for 
analysing and manipulating metabolic and regulatory 
pathways stored in the database. 

Goals and scope of the aMAZE database 

The main remit of the aMAZE database has been 
as follows. It should include information on the 
molecular function of proteins and on organism- and 
tissue-specific biochemical processes, or pathways. 
The latter should cover metabolic pathways, gene 
regulation, transport, signal transduction and possibly 
more.  The information should be organised in ways, 
which make possible the design of powerful and 
flexible software tools for querying the processes and 
analysing their properties.  

Several issues were given special consideration in 
the aMAZE data model. One is the capacity to 
represent incomplete knowledge and subsequently 
add new knowledge in a flexible way. Another is the 
ability to distinguish between different types of 
evidence for the function assigned to a given gene 
product or its involvement in a given biological 
process. Of particular importance is the ability to 
distinguish between assertions based on experiments 
and those deduced by inference, and in case of 
information deduced by inference, the ability to trace 
back its origins is essential. 

The aMAZE Data Model 

Entity-relationship representation in 
an object-oriented approach 

The entity-relationship model is a classical model 
for representing information in databases, and has 
been used in many different contexts for more than a 
decade (Moulin et al., 1976, Chen, 1976). Here, we 
illustrate its application to the description of biological 
function in ways that satisfy the requirements 
enumerated above.  A particularity of the approach 
taken in aMAZE is that it exploits the full power of the 
entity-relation model, while using an Object Oriented 
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representation to describe biological knowledge at all 
levels.  

As shown in Figure 1, two main classes of objects 
are defined. The first class, ‘biochemical entity’, 
represents structural units. These can be complete 
molecules, such as metabolites or proteins. They can 
also correspond to parts of molecules, such as a gene 
or a regulatory sequence in a non-coding region (cis-
acting element), or to supra-molecular assemblies 
(e.g. a protein complex, a ribosome). Theses objects 
have attributes, which describe their physical 
characteristics (sequence, compound formula, 
molecular weight and so on). 

The second class represents relationships. The 
relationship objects considered here are not simple 
links between entities, as in many biological 
databases, but are objects in their own right.  Each 
relationship object is characterised by a list of inputs 
and a list of outputs. In addition it may have a rich 
collection of attributes, which describe the properties of 
the relationship. Typical relationships defined in 
aMAZE are of the type  ‘interaction’.  An ‘interaction’ 
can be a ‘reaction’, which converts a set of substrates 
(the input) into a set of products (the output). Another 
example is ‘expression’, which has a gene as input 
and a polypeptide as output. These interactions have 
in common the fact that both their input and output are 
sets of entities, and are denoted as ‘transformations’. 
Both transformations are represented in the database 
as elementary interactions (they do not refer to other 
interactions), but can be used by the biologist to 
represent a series or interactions, for which only the 
first input and last output are described, as discussed 
below.  

Complex cellular process (for example metabolic 
pathways), for which the intervening steps are 
described in the database, are represented using the 
‘process/pathway’ objects. Each such object refers to 
the entities and interactions of all its intervening steps 
(Fig. 1a).  A given process is thus described as a 
network of entities and interactions, whose connectivity 
is completely defined.   

A particular feature of the aMAZE data model is 
that the ‘interaction’ objects have not only entities as 
input/output, but can have other interactions as output. 
This is the case for the object ‘catalysis’, which 
represents the action of a protein (enzyme) in 
accelerating a chemical reaction (Figure 2a). Similarly, 
‘inhibition’ is an interaction of a compound on another 
interaction, such as ‘catalysis’ (Figure 2a).  In all cases 
encountered so far, interactions having interactions as 
output, can be classified as ‘control’ interactions, which 
either accelerate or slow down some other 
interactions. 

Figures 2b and 2c illustrate how this simple model 
can be extended to gene regulation, and transport. 
‘Transcriptional regulation’ (Figure 2b) is represented 
as the positive (up-regulation) or negative (down-
regulation) action of a protein (transcription factor) on 
the interaction ‘expression’. A ‘translocation’ (Figure 
2c) is an interaction characterised by the fact that it 
has as input and output a set of molecules, each 
associated with a location. Several molecules can be 
involved in the same translocation event (symport, 
antiport), just as several metabolites can be involved in 

the same chemical reaction. The input and output 
molecules are generally identical (except for catalytic 
transporters), but input and output locations differ. A 
transporter protein such as the lactose permease has 
an activity of ‘transport facilitation’ on the 
‘translocation’ activity (Figure 2c). Similarly to 
‘catalysis’, ‘transcriptional regulation’ and ‘transport 
facilitation’ can be activated or inhibited by 
metabolites. 

As already alluded to above, our model enables the 
use of a shorthand notation at various levels in order to 
represent a complex process. Most obviously, the 
object ‘process/pathway’ is a shorthand notation for an 
entire sub-section of the cellular network.  At another 
level, the object ‘reaction’ may represent a specific 
chemical reaction, or several successive reactions but 
for which only the first input and last output are 
specified. Similarly, ‘expression’ is by definition a 
complex process, but which has specific types of 
molecules as input and output, respectively gene and 
polypeptide.  

This has at least two important applications. One is 
to do away with irrelevant details, as in the case of 
‘expression’ where we are only interested in the input 
gene and output polypeptide whereas the detailed 
steps of RNA and protein synthesis are in most cases 
not relevant. There will however be some cases where 
one will be interested in a fine-grained description of 
the intermediate steps, with separated interactions for 
‘transcription’ and ‘translation’, in particular for genes 
that are spliced differentially, or to distinguish between 
transcriptional and translational regulation. Provision is 
made in the model to also represent the expanded 
information, whenever the need arises.  

Another use of the shorthand notation is to 
represent incomplete knowledge. For example, when a 
molecule is known to be required for, or trigger, a 
certain cellular function, but the individual steps of the 
process are unknown. These can be filled in 
subsequently, when more data becomes available. A 
typical example is the transcriptional response to the 
presence/absence of some metabolite in the culture 
medium. This response can involve a transport 
system, a membrane sensor coupled to a signal 
transduction chain, and a transcriptional factor, all of 
which can be unknown at the time of the first 
experiment. It is however essential to represent the 
fact that a set of genes are known to respond to a 
given metabolite. We store this information in a 
specific class called ‘indirect interaction’ (Figure 1b ). 

An important feature of the aMAZE data model, is 
that it defines the role of a particular structural entity 
(here compound or protein) within a functional context, 
rather than associating it with the entity itself. This 
makes it easy to represent multiple functions for the 
same molecule. Thus, a single protein can be a 
catalyst of different reactions (e.g. multifunctional 
enzymes) with each reaction having a different EC-
number, or even play an entirely different role in 
another context. A compound acting as input for an 
‘inhibition’ activity (Figure 2a) is an inhibitor in that 
context, but could well play a different role in another 
context (substrate of another reaction).  
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Cellular processes as object graphs 
In the graphical representation that illustrates the 

entity/relationship model (Figs 2), text labels are used 
to display entity objects such as compounds, genes 
and proteins, and labelled boxes are used to display 
interaction objects, such as expression, catalysis, 
inhibition etc.  Interaction boxes are connected to their 
respective inputs and outputs through coloured lines.   
Cellular processes, such as metabolic and regulatory 
pathways, are presented by displaying the set of 
objects to which they refer, and their interconnections.  

Since we can hope to ultimately store hundreds of 
thousands of entity and interaction objects in the 
computer, we should be able to describe all the 
processes that take place in a cell, and even between 
cells, as well as all the interconnections between these 
processes. This ensemble forms a vast network that 
we will be able to flexibly analyse and display.  

Classical biochemical pathways represent defined 
portions of the network, usually considered as 
separate functional modules by the biochemists. The 
ability to represent the global network in the computer 
will allow us to represent the connections between 
different pathways, and to partition the network in any 
way we wish, offering the possibility exploring different 
definitions of functional modules.   

Figure 3 shows a graphical representation of the 
methionine biosynthesis pathway using the objects 
presented above for describing entities and 
interactions. It shows an intricate network that links 
entities and interactions. This network includes not 
only the succession of chemical reactions that lead to 
the transformation of L-Aspartate to S-Adensyl-L-
Methionine, but also the regulation of gene expression 
and enzymatic activities. It furthermore displays (in 
green) the links to other pathways, which are not 
detailed on the graph to preserve clarity. 

It is important to realise that in aMAZE, the network 
exists not only as a picture, but is represented in the 
computer as an object graph, with entities and 
interactions forming the graph nodes. These nodes are 
connected to each other through their inputs and 
outputs, which form the graph arcs. The pathway 
diagram is thus merely a means for displaying the 
stored information in a manner familiar to the 
biologists. This requires navigating through the 
network while disabling certain connections which the 
biologist would consider as ‘trivial’ (f.e. those involving 
water molecules in metabolic pathways). Once this 
processing is done, layout programs can be used to 
draw the diagrams automatically (van Helden et al., 
1999).  

Generic objects and taxono mies 
It is quite clear that the description of the molecular 

and cellular function must also include systems for 
defining and classifying biological entities and 
interactions. This is necessary in order to enable 
successive levels of generalisations. Those are useful 
in order to group objects for analysis purposes as well 
as for handling incomplete knowledge. Such 
hierarchical organisations must as much as possible 
incorporate the biologist’s view, and hence reflect 

existing taxonomies of molecular and cellular function, 
as well as of cellular locations, tissues, organisms etc. 
There hence is an important intersection between data 
models such as that presented here and biological 
ontologies, such as the Gene Ontology (GO) 
(Ashburner et al., 2000). But the data model as a 
whole has a much wider scope, since it also described 
the interactions between the biological entities, 
activities and processes, which the so-called 
ontologies do not do. 

To represent taxonomies, the aMAZE data model 
uses objects describing specific and generic 
biochemical entities, interactions and locations, 
respectively.  A generic entity merely consists of a list 
of references to other entities. The referred entities can 
themselves be either specific or generic, extending the 
description to a full taxonomy.  

Thus, each subclass of our ‘location’ class 
(compartments, cell types, tissues, organs, 
organisms), shown in Fig. 1, can contain specific or 
generic objects. This hierarchy of objects can be used 
to represent taxonomies such as those of the Gene 
Ontology.  

Documentation o f the stored 
information 

Providing means to trace back any piece of data to 
its source, is an essential requirement for any 
repository of biological information.  In aMAZE a 
separate set of objects is defined, allowing a flexible 
description of different types of references (literature, 
Web, in-house references).  This permits to associate 
multiple references with the same entity or interaction. 
Furthermore, references can refer to different lines of 
evidence to which  reliability scores can be attached. 
The danger of treating at the same level information 
based on lines of evidence with different reliability 
scores, such as experimentation and theoretical 
predictions, is eliminated. Indeed, database users can 
select a subset of interactions and entities on the basis 
of the type of evidence and reliability score, according 
to their needs.  

Querying and analys ing n etworks of cellular 
function 

The power of a data model lies in the query and 
analysis capabilities that it enables. In the following we 
give some examples of query methods currently 
implemented. These methods involve primarily path 
navigation routines.  

A simple query is to get all the reactions catalysed 
by a gene product (Figure 4a). The answer is obtained 
by collecting the polypeptide(s) coded for by the gene, 
then the proteins that are assembled from the 
polypeptides, and finally the set of reactions that are 
catalysed by these proteins. This approach has the 
advantage of taking into consideration the multiple 
relationships that occur at each level. Indeed, a gene 
can produce several polypeptides if there is differential 
splicing, a polypeptide can be involved in the formation 
of distinct proteins by forming complexes with 
alternative partners, and a protein can catalyse several 
reactions.  
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More complex queries require the application of 
specialised graph analysis algorithms.  These are for 
example:  

• find all metabolic pathways that convert compound 
A into compound B in less than X steps (Fig. 4b).  

• find all genes whose expression is directly or 
indirectly affected by a given compound. 

• find all compounds that can be synthesised from a 
given precursor in less than X steps  

• in the complete set of metabolic reactions, find all 
feedback loops including a given compound, or, in 
a defined biochemical pathway, find all feedback 
loops. 

Another type of complex queries, is sub-graph 
extraction. Here the user specifies a set of nodes in 
the network -the ‘seed’ nodes (usually genes/proteins)- 
and prompts the system to extract the portions of the 
network or sub-graphs that interconnect each pair of 
seed nodes via the smallest number of individual links, 
as shown in Fig. 5. The user can specify the maximum 
number of individual links, or graph arcs, that can be 
inserted between any two seed nodes. The resulting 
sub-graph can then be displayed and analysed.  

The algorithms for sub graph extraction and 
maximal path enumeration used in this context, have 
been described elsewhere (van Helden et al., 1999 
and 2000). 

Interpreting results from DNA micro-
array experiments. 

One application of the sub graph extraction 
algorithms is to identify the interconnectivity of a 
cluster of functionally related genes, such as those 
identified by DNA micro array experiments (Brown and 
Botstein, 1999, DeRisi et al., 1997), or by theoretical 
predictions (Marcotte et al., 1999a, Marcotte et al., 
1999b, Enright et al., 1999). 

Enzymes and transporters participating in a 
common metabolic pathway are often co-regulated at 
the transcriptional level. Therefore, when the culture 
medium is modified by depleting (or adding) a given 
metabolite, it is expected that the genes that 
participate in the biosynthesis (or degradation) of the 
molecule will respond at the transcriptional level, and 
will appear as a cluster of co-regulated genes.  When 
such a cluster is identified by DNA micro array 
experiments, the pathway or pathways in which the 
corresponding genes participate may not be 
immediately obvious. The graph/sub graph extraction 
algorithm can then be used to identify these pathways.  

This is done by first using the type of simple 
queries illustrated in Fig. 4a in order to select the 
genes that code for enzymes and to find the reactions 
that they could catalyse.  These reactions correspond 
to the seed nodes in the graph of all possible 
metabolic reactions (Fig. 5A). The method consists in 
trying to interconnect all these reactions in a 
meaningful way (Figure 5B), in order to extract a sub-
graph (Figure 5C) corresponding to one or several 
putative metabolic pathways (Figure 5D).  

The simplest way to interconnect reactions is to 
identify compounds that are produced by one reaction 

and consumed by another. In a second step, linking 
can be improved by intercalating reactions that were 
not part of the initial set. This has several justifications. 
Firstly, some genes could be involved a metabolic 
pathway without being regulated at the transcriptional 
level. Secondly, with the still limited reliability of DNA 
micro array experiments, the co-regulation of some 
gene might escape detection. Thirdly, a gene identified 
as co-regulated in a given experiment may not have 
been annotated as an enzyme yet  

Once the sub graph corresponding to the putative 
pathway has been extracted, it can be compared to the 
set of known metabolic pathways stored in the 
database. In some cases it will correspond to a 
previously characterised pathway. For these, a simple 
matching of the set of reactions against a database of 
metabolic pathways would have yielded the same 
answer. In other cases, one might observe only a 
partial match with a known pathway. This may lead to 
the discovery of new variants of known pathways, and 
could hence be useful in mapping the metabolic 
pathways of newly sequenced organisms, whose 
metabolism has not been fully characterised.  Finally, 
there is the attractive possibility that such an analysis 
may lead to the discovery of completely new 
pathways. The co-regulation of the enzyme-coding 
genes would provide a good support to indicate that 
this pathway is biologically relevant.  An interesting 
field of application could be to discover metabolic 
pathways involved in largely unexplored processes, 
such as resistance to toxic compounds or extreme 
conditions, displayed by certain bacteria.  

As a very preliminary test, we applied the above 
procedure to the 20 genes belonging to the MET 
cluster defined by Spellman et al., (1998). Seven of 
these genes code for enzymes, which can catalyse 8 
distinct reactions. Subgraph extraction and maximal 
path enumeration resulted in a linear pathway 
including 6 of the initial reactions. In this case, a linear 
path could be obtained without intercalating any 
reaction that was not part of the initial set.  

The extracted pathway (Fig. 6A) shows partial 
matches with two distinct metabolic pathways: the 4 
initial steps match the sulfur assimilation pathway (Fig. 
6B), and perform a progressive reduction of sulfate 
into sulfide. The two last steps match the methionine 
biosynthesis pathway, and correspond to the 
incorporation of sulfur into homocysteine (Fig. 6C), and 
the transformation of the latter into methionine.  

Concluding remarks  

 In this paper we present a general system, or 
data model, for describing information on molecular 
function and cellular processes in a rigorous manner. 
We argue that such data model goes beyond defining 
and categorising molecular and cellular function, an 
important task performed by the so-called biological 
‘ontologies’, because it provides rules for describing 
the physical and functional interactions between genes 
and gene products.  This is best illustrated by analogy 
with language (Bray, 1997). The biological ontologies, 
by defining controlled vocabularies for the molecular 
and cellular functions and the hierarchic relations 
between them, define the semantics of the language of 
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biological function. But they provide no syntax or 
grammar rules, which define how words can be 
associated to form sentences. Such rules are however 
required to ‘speak’ the language of biological function, 
and all the power of this language will be necessary if 
we want computers to help us unravel the complexity 
of living cells.  This is precisely the ambition of the data 
model presented here.  

This data model is still evolving as our limited 
experience grows and the types of data we handle 
expands. The aMAZE database, which implements 
this model, currently handles information on metabolic 
pathways and gene regulation, and contains data on 
about 6000 compounds, and 20,000 genes, 15,000 
polypeptides, and 5,200 reactions, primarily from E.coli 
and yeast. The database is implemented using a Java 
front end and the ObjectStore Object Oriented 
database management system, as the back end.  

In the near future it will be extended to include 
information on other types of pathways, in particular T-
cell signal transduction, and will contain information on 
tens of thousands of genes, proteins, small molecule 
compounds, and their interactions, describing 
hundreds of cellular processes.  

Admittedly, databases of this complexity would 
have been inconceivable only a decade ago, but are 
becoming reality thanks to recent progress in computer 
science, software development and network 
communication. We furthermore believe that such 
databases and the systematic analysis methods that 
they are enabling, will become as essential and as 
useful a tool for biology, as molecular modelling 
software and computer simulation methods have 
become for the study of complex macromolecules.  

A key contribution of our model is the general rules 
that it provides for associating the individual biological 
entities and interactions into large complex networks of 
cellular processes. A powerful features of these rules, 
is that information on molecular function is not tied 
directly to the biological entity (macromolecule or 
macromolecular complex), as in most other databases, 
but is derived from the network of relations between 
the entities and interactions. For example a protein is a 
catalyst only when it is connected by a ‘catalysis’ 
interaction to a reaction that transforms a set of 
substrates to a set of products. The same protein can 
be a repressor, when it is connected by a ‘repression’ 
interaction to a gene ‘expression’ interaction.  

We thus foresee that in the future, the function, or 
more likely the functions, of a gene product will not be 
obtained by looking up catalogues, but will be 
computed on the fly from the stored network of 
interactions in which the gene products are known to 
take part.  Then however, our ability to describe gene 
functions in a comprehensive manner will strongly 
depend on how efficient we are in collecting reliable 
data on the interactions and activities in which the 
genes and their products are involved. Clearly, the 
task that lies ahead in this respect is immense. 
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Figures 

Figure 1: Schematic representation of the aMAZE data model 

The aMAZE data model is based on the classical entity-relationship representation, and uses an Object Oriented 
representation to describe biological knowledge at all levels. 

(a) Two main classes of objects are used. The ‘biochemical entity’ class, and the ‘interaction’ class. Both classes 
of objects refer to the ‘location’ class, which stores information on their intra- or extra- cellular location (see 
Fig. 1b).  The pathway/process class, represents complex cellular process (for example metabolic 
pathways), for which the intervening steps are described in the database. Each such object refers to the 
entities and interactions of all its intervening steps, and each of those refer to a location, stored in the 
‘location’ class (see also Fig. 1b).   

(b) The ‘biochemcial entity’ class represents structural units, which can be complete molecules, such as 
metabolites or proteins, or parts of molecules such as a gene or a regulatory sequence. The ‘interaction’ 
class groups two main classes of interaction objects. The class ‘transformation’, and the class ‘control’  (see 
text for details). The ‘location’ class stores information on where the entities and interactions take place. The 
class ‘indirect interaction’ is used represent complex processes for which only the input and  output are 
specified, but the intervening steps are not known (see text and Fig. 3). 

Main database building blocks

DB building block

Biochemical Entity Interaction Pathway/ Process

is a

refers to

(a)

Location

 

Entity – relationship model

Location

Subcellular compartment

Cell type

Organ

Organism

Tissue

Biochemical Entity

Compound

Gene

Proteinaceous entity

Polypeptide

RNA

Interaction

Reaction

Translocation

Expression

Transformation

Catalysis

Transport facilitation

Transcriptional regulation

Activation/ inhibition

Control Indirect 
interaction

Assembly/
Disassembly

Protein Complex

Figure 1 (b)  



Representing function in biological databases27/12/00 21:12 

  2 

Figure 2: Using the aMAZE model to describe biological processes 

(a) Enzymatic catalysis and its regulation. The example used is the catalysis of the phosphorylation of glutamate 
by gama-glutamyl kinase, regulated by proline. The displayed interaction objects, are ‘reaction’ , ‘catalysis’ 
and  ‘inhibition’ . The ‘catalysis’ object has the EC number of the catalysed reaction (2.7.2.11) indicated. The 
compound names are marked as labels. The shown lines link each interaction object to their inputs and 
outputs. The graphical layout follows the convention of biologists. 

(b) Transcriptional regulation. The example used is the regulation of the met6 and metB genes, by the combined 
actions of the products of other genes in the methionine biosynthesis pathway (the met4/met28/cbf1 protein 
complex, and the METJ protein respectively) and the end product of the methionine pathway S-adenosyl-
Lmethionine). The depicted ‘interaction’ objects are, ‘up- and down-regulation’, ‘inhibition’, ‘activation’, and 
‘expression’. 

(c) Representation of the process of transport facilitation. The represented example is the transport of lactose 
from the extra-cellular space to the cytoplasm, which involves a translocation process, facilitated by a protein, 
the lactose permease. The information of the localisation of the different entities is stored in the ‘location’ 
objects (Fig. 1a,b). 
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Figure 3: Graphic representation of the metabolic regulation network of methionine biosynthesis, using the 
aMAZE data model. 

This figure illustrates how the various entity and interaction objects of the model are used to describe a complex 
biological process, such as methionine biosynthesis. In this graphic representation gene and proteins are 
displayed by their specific icons and labels. Green boxes on the upper right hand side of this figure indicate the 
names of other pathways, which  use metabolites from this pathway, as inputs or outputs. 
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Figure 4: Schematic illustration of queries enabled by the aMAZE database 

(a) Examples of simple queries: Get the reaction(s) catalysed by a specified protein; get the reactions catalysed 
by a specified polypeptide; get the reaction(s) catalysed by a given gene product, specified by its 
corresponding genes. The connectivity that needs to be established through the entities and interactions 
stored in the database, is displayed for each of the query. 

(b) Examples of more complex queries that require the use of specialised graph analysis algorithms. The top 
query represents the following operation. Given two nodes, one specified as input and the other as output 
(with each node being either a biological entity or an interaction) find all the processes that lead from the 
input to the output  in less than Max steps and more than Min steps.  At the bottom, is illustrated the same 
query, but for which the search is constrained to consider only ‘compound’ objects as input and output 
nodes, and ‘reaction’ and ‘compound’ as intermediate nodes 

Get the reaction(s) catalysed by a specific protein:

Protein catalysis Reaction

Get the reaction(s) catalysed by a specific polypeptide:

Polypeptide assembly Protein catalysis Reaction

Get the reaction(s) catalysed by a specific gene:
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Figure 4
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Figure 4

Compound A Compound B( )
{Min-1,
Max-1}

Reaction Compound Reaction
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Figure 5: Illustration of the procedure of sub-graph extraction from a complex network graph. 

A, shows the position of the seed reactions in the graph. B, shows how the seed nodes are linked directly, via 
their inputs and outputs, or indirectly, via intercalated nodes. C, displays the resulting sub graph, and D the 
various linear paths that can be followed within the sub graph.  

A. Seed reactions B. Reaction linking

C. Subgraph extraction

� � � � � � � � � �
	 � � � � � 
 � 
 � � � � � 
 � � � � �

D. Linear Path Enumeration
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� � 
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Figure 5
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Figure 6: Result obtained by applying the sub-graph extraction analysis to the cell-cycle regulated gene cluster 
MET from Spellman et al. (1998) .  

A. Pathway extracted by interconnecting the reactions catalysed by the 7 enzymes from the cluster. B. Sulfur 
assimilation pathway in yeast. C. Methionine biosynthesis in yeast. 
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