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Abstract

Networks provide an intuitive framework for visualising and exploring scientific data.
The structure of the network can be used to represent relationships within the data, and pro-
vides insights that complement more conventional exploratory approaches. The topologies
of these networks offer new perspectives on the way complex real-world systems operate.

We present a prototype application for network-based exploration and visualisation,
with particular emphasis on scientific data. The application is browser-based and has been
designed to allow a user to easily construct a network-based representation of a data set.
Data from a variety of sources (local and remote databases and files) can be integrated, and
networks explored using an interactive visual browser or through network-analytic algo-
rithms.

We demonstrate the approach with two case studies. The first used radio-tracking data
from a study of white-striped freetail bats to construct a network of roosts used by the bats.
This network displays scale-free structure, and provokes questions regarding the role of that
structure in information exchange amongst individuals in the colony and the robustness of
the network to habitat (roost) loss. The second case study used networks as a method for
exploring the community structure of fauna in marine sediments. We show that differences
in benthic species compositions in two Antarctic bays are related to heavy metal contami-
nation.

1. Introduction

Networks — structured graphs consisting of a set of nodes connected by edges — have been
recognised as an effective framework for scientific data mining and exploratory analyses ([1, 2]).

In the simplest case, each node represents an entity of interest, and edges between nodes repre-
sent relationships between entities. Networks thus provide a natural framework for investigat-
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ing relational, spatial, temporal, and geometric data [2]. Network structures have been found
in a variety of fields, including social networks [3, 4], trophic webs [5], and the structures of
chemical compounds [6, 7, 8]. The topological properties of such networks (e.g. small-world
character, distribution of node degree) has been of recent interest. Approaching exploratory
analyses from a network perspective provides insights into these properties that are not easily
assessed using other exploratory techniques.

The Australian Antarctic Data Centre (AADC) is responsible for archiving and disseminat-
ing all scientific data collected by Australia’s Antarctic programme. We sought a network-based
visualisation and exploration tool that could be used both as a component of in-house analytical
activities, as well as by clients undertaking scientific analyses. Broadly speaking, we wanted a
software tool to assist in the construction, viewing, and exploration of network structures. The
tool needed to be able to access data from a number of sources, so that users would be able to
integrate their own data with that held by the AADC, and also that available in web-accessible
databases such as the Global Biodiversity Information Facility (GBIF) [10]. We wished the
tool to be browser-based, so that it could be embedded within the AADC'’s existing web pages
and thus allow clients to explore the data sets before downloading. This would also allow any
bandwidth-intensive activities to be carried out at the server end, an important consideration for
scientists on Antarctic bases wishing to use the tool. To allow the interface to be as simple as
possible, we needed to make use of the existing data structures and environments in the AADC.
For example, the AADC keeps a data dictionary, which provides limited semantic information
(such as measurement scale type) about AADC data. This information would allow the appli-
cation to make informed processing decisions (such as which dissimilarity metric or measure
of central tendency to use for a particular variable) and thus minimise the complexity of the
interface.

We did not find any existing software that met all of these requirements (some existing
network software tools are listed in the Discussion, below). This paper describes a prototype
tool that can be used to create and explore network structures from a variety of data sources. The
tool has been written as a Flash application and can be used with any web browser. The server-
side code is written in ColdFusion, which is our primary application development environment.
The interface is graphical but can also accept text-based commands for users wishing additional
flexibility.

2. Methods

The exploratory analysis process can be divided into three main stages — network construction;
visual, interactive exploration; and the application of specific analytical algorithms. In practice,
these components would be used in an interactive, cyclical exploratory process. We discuss
each of these aspects in turn.

2.1 Network construction

Currently, data can be accessed from one or more local or remote databases (local in this con-
text means “within the AADC”) or user files. Accessing multiple data sources allows a user

to integrate their data with other databases, but is predictably made difficult by heterogeneity
across sources. We extract data from local databases using SQL statements; either directly or
mediated by graphical widgets. User files can be uploaded using http/get and are expected to be
in comma-separated text format. Users are encouraged to use standardised column names (as
defined by the AADC data dictionary), allowing the semantic advantages of the data dictionary

to be realised for file data. Remote databases can be accessed using web services. Initially
we have provided access only to GBIF data [10] through the DIiGIR protocol. Data from web
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service sources are described by XML schema, which can be used in a similar manner to the
data dictionary to provide limited semantic information.

To construct a network representation of these data, the user must specify which variables
are to be used to form the nodes, and a means of forming edges between nodes. Nodes are
formed from the discrete values (@ertuples) of one or more variables in the database. The
graphical interface provides a list of available data sources, and once a data source is selected,
a list of all variables provided by that data source. This information comes from the column
names in a user file or database table, or from the “concepts” list of a DiIGIR XML resource
file. Available semantic information is used to decide how to discretise the node variables.
Continuous variables need to be discretised to form individual nodes. A simple equal-interval
binning option is provided for this purpose. Categorical or ordinal (i.e. discrete) variables need
no discretisation, and so this dialogue is not shown unless necessary.

Once defined, each node is assigned a set of attribute data. These data are potentially drawn
from all other columns in the database, or from a different data source using SQL-like ’join’
syntax. Attribute data are used to create the connectivity of the network. Nodes that share
attribute values are connected by edges, which are optionally weighted to reflect the strength of
the linkage between the nodes. The application automatically chooses a weighting scheme that
is appropriate to the attribute data type; this choice can be overridden by the user if desired.

Once data sources and variables have been defined, the application parses the node attributes
to create edges, and builds an XML [11] document that describes the network. The network can
be either visually explored, or processed with one of many network-based analytic algorithms.

2.2 Network visualisation

Network structures are displayed to the user in an interactive network browser. The browser is
a modified version of the Touchgraph LinkBrowser [12], which is an open-source Java tool for
network layout and interaction. Layout is accomplished using a spring-model method, in which
each edge is considered to be a spring, and the node positions are chosen to minimise the global
energy of the spring system. Nodes also have mutual repulsion in order to avoid overlap in the
layout.

While small networks can reasonably be displayed in their entirety, large networks often
cannot be displayed in a comprehensible form on a computer display. We solve this problem
by allowing large networks to be explored as a dynamic series of smaller networks (see below).
We discuss alternative approaches, such as hierarchical views with varying level of detall, in the
discussion.

Interaction with the user is achieved through three main processes: node selection, neigh-
bourhood adjustment, and edge manipulation. The displayed network is focused on a selected
node. The neighbourhood setting determines how much of the surrounding network is displayed
at any one time. This mechanism allows local regions of a network to be displayed. Edge ma-
nipulation can be done using a slider that sets the weight threshold below which edges are not
displayed. It is difficult to judge priori which edges to filter out, as weak edges can obscure
the network structure in some cases but may be crucial in others. A practical solution is to
create a network with relatively high connectivity (many weak links), and then allow the user
to remove links in an interactive manner.

The network layout is dynamic, and changes smoothly as the user varies the interactive
settings. The network layout uses various visual properties of the nodes and edges to convey
information, including colour, shape, label, and mouse-over popup windows. We also allow
attributes of the nodes to set the network layout. This is particularly useful with spatial and
temporal data.

An alternative visualisation option is to save the XML document and import it into the
user’s preferred network software. We currently provide an export option to Pajek’s net format.
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Exporting might be appropriate with extremely large networks, since this visualisation tool does
not work well with such networks. Exporting would also allow external analytical packages to
be used, as discussed below.

2.3 Analytical tools

The fields of network theory and data mining have developed a range of algorithms that as-
sess specific properties of network structures, including small-world properties, node degree
distribution, subgraph analyses (e.g. [13, 14, 15, 16, 17]), connectivity and flow [8], network
simplification [5, 18], clustering, and outlier detection [19, 20]. Many of the properties assessed
by these algorithms have interpretations in terms of real-world phenomena (e.g. [21, 22, 23])
that are not easily assessed from non-network representations of the data. These provide analyt-
ical information to complement existing scientific analyses, and also the possibility of building
networks based on analyses of other networks. A simple but very useful example is an op-
erator that allows the similarity between two networks to be calculated. This provides both
direct information on relationships between networks, but also a mechanism for using networks
as building blocks for further analyses. Given a set of networks, one can construct another
network G in which each network in the set is represented by a node. One can calculate the
similarity between each pair of networks in the set, and use this similarity information to create
weighted edges between the nodes/inWe demonstrate these ideas in the Results section,
below.

We have implemented only a limited number of algorithms at this stage, concentrating in-
stead on the graph construction and visual exploratory aspects. We raise future algorithm de-
velopment options in the Discussion section, below.

3. Results

We demonstrate the network construction and visualisation tools with two case studies.

3.1 Batroost networks

Nineteen white-striped freetail batSadarida australi were trapped and radio-tagged over a
three-year period in metropolitan Brisbane. All individuals were captured from the same com-
munal roost tree with a colony size of around 300. Radio tracking revealed that each individual
trapped at the communal roost subsequently moved into separate smaleir{dividuals) or
solitary colonies before returning at regular intervals (H¥.® days) to the communal roost
[24].

The tracking data were tabulated, containing rows with entias-time stampbat iden-
tifier, andlocation identifier A network of bat roosts was constructed by selectowation
identifier as the node variable armht identifieras the attribute (Fig. 1a&b). Roosts used by a
particular bat are thus linked by edges in the resulting network (Fig. 1c).

The network topology clearly shows that the communal roost (labelled “Yeronga” in Fig.
1c) forms a hub in the network. Itis also central in a geographic context (the node layout in Fig.
1c shows the approximate geographic relationships of the roosts). Even when not roosting at this
location, bats were observed to visit during night-time activity and exchange vocalisations with
other bats. The network covers a geographic area of approximately 79Gkuhindividuals
can travel 100 km or more in a night. Thus, it would appear that the communal roost forms an
important hub for information-exchange among the individuals of the colony.

The degree distribution of the network appears to follow a power k) ~ k%) and
so could be considered to be a scale-free network. However, the data are limited and the node
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Figure 1. A network of roosts used by white-striped freetail b@fadarida australis)n
metropolitan Brisbane. The network was created simply by (a) selecting roost location as
the nodes and (b) selecting bat identifier as attribute data for forming links between nodes.
The resulting network is shown in (c), in which nodes are individual roosts and edges indicate
movements of bats between roosts. The network clearly shows the importance of the communal
“Yeronga” roost

degree only spans a single decade (range 1-14). For larger networks it would be likely that
the tail of the distribution (for large node degree) would be cut off because of the physical
limit to the number of bats able to visit a roost. This might lead to broad-scale [25] or similar
distributions in larger networks.

Scale-free networks are well known for their robustness to random node removal and sus-
ceptibility to selective removal of nodes with large numbers of edges [26]. This has direct
consequences for conservation of bat habitat. Communal roosts in suburban areas tend to be
old trees with large hollows, and it is these same trees that are often removed by councils due to
safety concerns. The ability to identify important nodes in the network therefore has particular
conservation significance.

3.2 Benthic marine assemblages

Australia has an on-going research programme into the environmental impacts of human oc-
cupation in Antarctica (sebttp://www.aad.gov.au/default.asp?casid=13R52 recent com-
ponent of this programme was an investigation into the relationships between benthic species
assemblages and pollution near Australia’s Casey station [27]. Marine sediment samples were
collected from two sites in Brown Bay, which is adjacent to a disused rubbish tip and is known
to have high levels of many contaminants. Samples were collected at approximately 30 m and
150 m from the tip. Control samples were collected from two sites in nearby, uncontaminated
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Figure 2. A network of Antarctic marine sample sites, linked by their species attribute data.
Sites are clearly separated into two clusters on the basis of their species, indicating two distinct
types of species assemblage. Node labels are of theX&y&sPpr and denote the position of

the sample in the nested experimental hierarchyy B&hotes samples from one of two locations

in contaminated Brown Bay and @Blenotes uncontaminated O’Brien Batlenotes the site
number within locationp denotes the plot number within site; andenotes the core replicate
number within plot

O’Brien Bay. Four replicate samples were collected from two plots at each site, giving a total
of 32 samples. Sediment samples were collected by divers using plastic corers and analysed
for fauna (generally identified to species or genus level) and heavy metal concentrations (Pb,
Cd, Zn, As, Cr, Cu, Fe, Ni, Ag, Sn, Sb). These metals are found in man-made products (e.qg.
batteries and steel alloys) and can be used as indicators of anthropogenic contamination. Details
of the experimental methods are given in [27].

This data set has a very simple structure, comprising a total of 14 variaditesiame
speciedd, speciesabundance and measured concentrations of the 11 metals listed above.
Site latitude and longitude were not recorded but she namestring provides information
to the site/plot/replicate level (see Fig. 2 caption). All of the above information appears in
one database table. Thpeciesd identifier links to the AADC'’s central biodiversity database,
which provides additional information about each species (although we do not use this addi-
tional information in the example presented here).

Despite the simplicity of the data set, there are a large number of networks that can be
generated. The key questions to be answered during the original investigation related to spatial
patterns in species assemblages, and the relationships of any such patterns to contamination
(heavy metal concentrations).

Spatial patterns in species assemblages can be explored using sites as nodes, and edges
generated on the basis of species attribute data. To create this network, we needed only to se-
lect site nameas nodes, andpeciedsd as attributes in the graphical interface. Both of these
variables were recognised by the data dictionary as categorical, and so no discretisation was
needed. Furthermore, an edge weighting function based on the Bray-Curtis dissimilarity (suit-
able for species data) was automatically selected.

The resultant network is shown in Fig. 2. Weak edges have been pruned, leaving a core
structure of two distinct clusters of sites: the left-hand cluster corresponds to sites from O’Brien
Bay; the right-hand cluster Brown Bay. This strong clustering suggests that the species assem-
blages of the two bays are distinct. Furthermore, each cluster shows spatial autocorrelation —
that is, samples from a given site in a given bay are most similar to other samples from the
same site (e.g. BB3 nodes are generally linked to other BB3 nodes). We generated an alter-
native view of the data by swapping the definitions for node and attribute, giving a network of
speciesd nodes with edges calculated on the basisitefid attribute data (Fig. 3). This net-
work confirms the presence of two broadly distinct species assemblages, but suggests that there
are several outlier species that may diverge from this bimodal pattern of spatial distribution.

A convenient method for exploring the relationships between species patterns and measured
metal contamination is through the network similarity operator. We generated a second network
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Figure 3.A network of Antarctic marine species, linked by their site attribute data. This network
provides complementary information to that shown in Fig. 2, and confirms that two distinct
species assemblages exist, with possible outBEsimIIA, Gamml and nephty Eight other
disconnected outlier species are not shown

of sites, using chromium as attribute data (network not shown), and made an edge-wise weight
comparison between the site-species network and the site-chromium network. The result is
shown in Fig. 4. The structure of this network is identical to that in Fig. 2, but the colour-
ing of the edges indicates the weight similarity. Darker grey indicates edges that have similar
weights in both the site-species and site-chromium networks. Samples from the uncontaminated
O’Brien Bay have similar chromium values (in fact, mostly near zero). More notably, the single
edge linking the O’Brien Bay cluster to the Brown Bay cluster is not well explained in terms of
chromium, suggesting that the clustering might be related to differences in chromium values.
(The general dissimilarity between chromium values in the Brown Bay cluster is an artefact
of their high but variable values, which have fallen into different bins during the discretisation
process. We discuss the problem of discretising attributes below). Similar results were obtained
using the other metal variables, supporting the notion that the benthic species assemblages of
these bays is related to heavy metal contamination.

Finally, we use a network of networks to explore the similarities between the spatial patterns
of the various heavy metals. We generated 11 networks, one for each metal, using sites as nodes
and the metal as attribute data. The pairwise similarities between each of these networks were
calculated. Fig. 5 shows the resultant network, in which each node represents an entire site-
metal network, and the edges indicate the similarities between those networks. The network
suggests that copper, lead, iron, and tin are distributed similarly, and that their distribution is
different to that of nickel, chromium, and the other metals. This was confirmed by inspecting
histograms of metal values at each location: values of copper, lead, iron, and tin were higher at
one of the Brown Bay locations (the one closest to the tip) than the other, whereas the remaining
metals showed similar levels at each of the two Brown Bay locations.

4. Discussion

Networks have been previously been recognised for their value in data mining and exploratory
analyses. However, existing software tools for such analyses (that we were aware of) did not
meet our requirements. We have outlined a prototype web-based tool that builds network struc-
tures from data contained in databases or files, and presents the networks for visual exploration
or algorithmic analysis. The tool allows web-based data to be explored online and integrated
with a user’s own data.

The construction phase requires the user to define the variables that will be used to form the
network nodes. While there may be certain definitions that are logical or intuitive in the context
of a particular database (for example, it is probably intuitive to think of species as nodes when
exploring a database of wildlife observations), the nodes can in fact be an arbitrary combination
of any of the available variables. This is a powerful avenue for interaction and flexibility, as
allows the user to interpret the data from a variety of viewpoints [28].
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Figure 4. The same network as Fig. 2, but with edge colouring changes to indicate similarity
of chromium between sites. Darker edges are those that are better “explained” by chromium
patterns (see text for details). The O’Brien Bay cluster (left) has a strong similarity of chromium
values within it, whereas the Brown Bay cluster has dissimilar values both within itself and to
the O’Brien Bay cluster. These results, and similar results with other metal variables, suggest
that species differences between the two bays may be related to heavy metal concentrations

One of the notable limitations of our current implementation is the requirement that attribute
data be discrete. (Edges are only formed between nodes that have an exact match in one or more
attributes). Continuous attributes must be discretised, which is both wasteful of information
and can lead to different network structures with different choices of discretisation method.
Discretisation is potentially particularly problematic for Antarctic scientific and many other
biological data, which tend not only to be relatively small but also sparse. Sparsity will lead to
few exact matches in discretised data, and to networks that may have too few edges to convey
useful information. Future development will therefore focus on continuous attribute data.

The visualisation tool that we have discussed is best suited to relatively small networks. This
is generally not an issue with Antarctic scientific data sets, which tend to be of manageable size,
but conventional data mining of very large data sets would be problematic. Other visualisation
tools, specifically designed for large networks (e.g. [18, 29, 30]) might be useful for visualising
such networks. FADE [18] and MGV [29] use hierarchical views that can range from global
structure of a network with little local detail, through to local views with full detail.

Many other packages for network-based data exploration exist, and we have incorporated
the features of some of these into our design. The GGobi package [31] has a plugin that allows
users to work directly with databases. GGobi also ties into the open-source statistical package R
to provide network algorithms. Zoomgraph [32] takes the same approach. This is one method of
providing network algorithms without the cost of re-implementation. Another is simply to pass
the network to the user, who can then use one of the many freely-available network software
packages (e.g. [33, 34, 35, 36]).
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