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Abstract V_is_ualization Da_ta _State Refe_rem_:e Model (Ch_i_2000)
divides a visualization data pipeline into four tofist
Many classical graph visualization algorithms havetages, namelyalue analyticalabstraction visualization
already been developed over the past decades. ldowewabstraction andview. The transformation between those
these algorithms face difficulties in practice, Iswas the stages requires one of data transformation operator
overlapping node problem, large graph layout anthcluding data transformation  visualization
dynamic graph layout. In order to solve these molsl, transformation or visual mapping transformationT his
this paper aims to systematically address algoithmmodel associates the crucial visualization openatiwith
issues related to a novel framework that descrthes the visualization pipeline.
process of graph visualization applications. Fafsall, a
framework for graph visualization is described. the
important parts of this framework, we then devetop
effective algorithms for filtering and clusteringrge
graphs for the layouts. As for the dynamic grapiold, a
new approach to removing overlapping nodes call
force-transfer algorithm is developed. The framdwltas
been implemented in a prototype called PGA t
demonstrate the performance of the proposed abgosit
Finally, a case study is provided.

In the area of graph visualization, P. Eades andnigu
(Eades et al 2000) initiated a layered architectiore
presenting clustered graphs. This architecture
encompassegraph, clustering abridgemen and picture
layers. Users can directly manipulate data in thegers

a set of operations provided. After gatheringraph
data, a group of related nodes in the graph arstesied
%to a hierarchical clustering node superimpos€bde
architecture supportabridgmentsof clustered graphs,
and logical views of parts of the clustered graph. Wser
Keywords information visualization, graph visualization, can focus on special areas of the graph by charthiag

graph drawing, framework, filtering, clustering. abridgment These changes are immediately reflected in
the picture of the abridgment It is clear that this
1 Introduction architecture is particularly proposed for clustegeaphs.

Many models have already been presented in infiomat The above models_ or architecture are user-orierged,
visualization (Shneiderman 1996, Haber et al 1g20rd data (or graph) oriented. Indeed, these modelseptes
et al 1999, Eades et al 2000, Chi 2000, Kreuselal e Picture of how data (or graph) is transformed arithw
2002, Cristina et al 2003). These models focus o#hat kinds of tasks users are confronted at eaesof
different aspects of visualization such as visagign this transformation. They do not, however, systéraly
process, design, and guideline. In the followinge waddress issues associated with graph applications i
review such three typical models. realistic application settings. From a practicatspective,

. ) o we need to concentrate on questions such as whkat th
Shneiderman (1996) pointed out that the basic {m®iC steps for applying a large number of existing ldyou

of visual design can be summarized as the visuglgorithms (Battista et al 1999) into real graphica
information seeking mantreoverview first, zoom and gppiications are.

filter, then details-on-demandBased on this mantra, the ) )
taxonomy for the design of information visualizatio I this paper, we propose a framework for practiaph
systems is proposed to make connections betwe¥igualization with the following purposes:

visualization data types and tasks. Types of sath dre . To establish a conceptual framework within which
identified as 1-, 2-, or 3-dimensional, temporaljltn graph visualization systems can be classified and
dimensional, tree, and network. The tasks thatsusan compared.

perform on these data includeverview zoom filter, - To describe a pipeline of applied graph visualizati
details-on-demandrelate, history, and extract Based systems.

users’ perspective, this taxonomy classifies setests . To develop a number of algorithms associated with

associated with various types of data. Information  gych a framework.
To advance the description, comprehensiveness and
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algorithm for adjusting layouts is presented intec5. and non distortion-oriented presentations, Leur@p4)
The implementation of this framework called PGA igprovided a simple taxonomy of techniques for such
briefly described in Section 6, followed by the clusion presentations. These techniques include encoduagias

in Section 7. transformation (geometric), data suppressing (abstm
and threshold), zooming, windowing, and paging and
2 A New Framework for Graph Visualization clipping. As two important techniques for data

suppressingfiltering and clusteringreduce the size of a

In this section, we will identify the characteristi of garaph by removing pars of information.

graph visualization applications and then present
framework. 2.1.3 Dynamic Graphs

2.1 Characteristics of Graph Visualization Graph drawing involves a repeat redrawing resulting
Applications from frequent changes of the graphs. Although graph

layout is traditionally viewed as static, dynamiada
There are many graph visualization applicationsgi®y interactive graphs have many applications. As an
from Web sites to gene visualization. The charéties example, an interactive graph system should provide
of graph visualization applications are thus enarsio fiexible facilities such as insertion or deletiofi rmdes,

However, our main concern here is to find theynd open or close of subgraphs, which cause regular
characteristics of graphs that are highly relatedthte  adjustments of the graph layout.

techniques for graph visualization. 2.2 A Framework for Graph Visualization

2.1.1 Attributed Graphs Along with the analysis of characteristics of griaph

As we know, a graph is employed to model relationafiSualization applications, we propose a framewmi
objects, where the nodes denote objects, and thesed9raph visualization, as illustrated in Fig. 1.

represent the relations between these objects. {yaph visualization can alternatively be viewed as
traditional graph visualization, a node is mappetd &an  adjustable mappings from relational data to visaehs,
abstract point in a Cartesian plane, occupying 8imo  and then to users. The information on the left side
screen space. An edge is a line connected to telesni®  Fig .1 is to be graphically visualized while users the
the graph. The reality is, however, that every obf@s a right can directly manipulate the visualized infation.

set of properties, and every edge is also assdo@itt a  The right-direction arrows anthe arrow betweeriews
set of attributes. In order to incorporate more &0 and users indicate the possible adjustments of these
information about the properties of both objectsl anyransformations by the users. In this pipeline, dtiginal
relations attributed graphAGs) orattributed relational  gpstract relational data undergoes several processing

graph (ARG) were employed in many areas (Fu et adtages in order to achieve a graphical view.
1979, Bunke 1993, Bunke et al 1997, Lourens 1998,

Walischewski 1997). Therefore, the problem of haw tRelational data The data to be visualized, which can be
visualize attributed graphs should receive much emoProadly classified into two categories: online afitine.
attention in the field of graph visualization (Hgg2001). Graph representatian The structure of relational
another kind of widely used graphs, which has kbefelationships. A grapi® = (V, E) is commonly used to
attached to each node or edge. represent it, where/ denotes the entities, arid the

relationships between the entities.

2.1.2 Large Graphs . _ . .
Filtering: There are two meanings @&ftering. Filtering

In reality, graph visualization applications tydlgadeal removes noise nodes and their associated edges in a
with very large graphs. A good example of this igraph. In application settings, the transformatfosm
telephone billing records. The nodes of this “cgtaph”  relational data into a graph is automatically esteed by a

is telephone numbres, and the edges are calls fratie computer programme. This may lead to producing some
one number from another. A one day call graph hagoise” nodes. For this reason, manipulating the ra
53,767,087 nodes and 170 million edges (Abello let graph is required in order to remove those “noidata.
1999). The Hollywood collaboration graph is thecs®t On the other hand, Filtering can suppress unimpbrta
example where the nodes are 225,000 actors, and mdtles and their related edges to highlight thogmitant
edges connects any two actors who have appearad ifodes by using an adjustable threshold to control
feature film together. If we regard the World Widéeb appearances of the node3lustering If a graph is too

as a graph, this Web graph has 4.3 billion (eting to  |arge to fit on the screen, groups of related noaies

the 27 Feb, 2004 Google homepage) pages as the notigustered" into super-nodes. Users see a “summafy"
and hyperlinks from one page to another as the s2dgghe graph, namely the super-nodes and super-edges
Various techniques have already been developeatidet between the nodes. Some clusters may be shownr@ mo

the problem of large graph visualization. Broadlyetail than others. The process of clustering ves!
categorizing large graphical data as distortioeed

Graph
Relational Data }—|Representati n—>|FiIterin4 —>|Clusterin4; —>|Layou|—>|Vievv|<—>

Fig. 1. A framework for graph visualization pipedi




discovering groups in the data In the case of graptPecific type of graph, namely Web graphs, and daes

visualization, clustering means finding a eétrelatively

suffice to handle other types of graphs. Therefdrés

highly connected nodes and their associated edges i Necessary to develop a more sophisticated techriagjue
graph, and then using a special type of node cadledfiltering general graphs.

words, the clustering techniques make it possille t5ssified

represent a graph by displaying fewer elementewitig
users to control the level of detail by “openingida
“closing” meta-nodes. The clustering approach hesnb
taken by a number of graph drawing researchersedcatl
al 1996, Dongen 2000, Fowlkes et al 2001).

Layout: Apply an algorithm to layout a given graph.

into structureand content-oriented. The
structurebased approach utilizes the linkages of a graph
while the contenbased one uses the semantic contents of
what the nodes represent. Our approach is a stedctu
based one and thus has the advantage of beingaipipli

to any type of a graph.

As mentioned before, graph filtering involves ineth

View: With a layout, users may interact with the graphSelection of nodes and edges from a graph accotding

changing the view in order to gain insight into thega.
This feature requires that a system should eadiypto
the users’ needs and quickly change the way in lwhic
graph is presented. In addition to navigatinghig users
are able to explore a graph. Moreover, the useusigh
enable to interactively apply criteria that mayutesn
different sets of clusters within the data.

In the above framework, théltering and clustering

whether the values of their attributes fall withm
specified range. The purpose of the use of a gish
visually represent complex relationships betweejecib
or entities in order toeduce the cognitive load. Various
nodes and edges in a graph, however, play diffedas
in revealing such relationships. Some are prominduile
others are trivial. Prominent nodes are those Hrat
extensively involved in the relationships with athe
nodes. This involvement makes them more visibléhéo

stages are optional in the case of the small nurber gthers. For this reason, it is necessary to develop

nodes and edges in a graph. Tittering stage can also
be omitted in some applications. THew stage is highly
related to théayout stage in that everyiew results from

re-layout of the graph.

Motivated by applying existing algorithms

method to clearly identify the “important” nodes @
graph. A function is needed to measure the impogan
roles of nodes with respect to the depiction of
relationships. Fundamental to our approach is titeom

to Of Node Importance Scargvhich is defined as follows:

applications, we proposed the framework derivednfro pefinition Node Importance Sco@1S): A real number

the general requirements of real graphical appdioat It
is this feature that mainly distinguishes it frorther
models described previously.

indicating the degree of the importance role incliha
node plays within a graph, or of the involvementaof
node in other relationships. L&t = (V, E) be an

In the following sections, we will focus on the Undirected and connected graph, &ige a function that

development of algorithms for filtering, clusterjngnd
dynamic view used in the above framework.

It is assumed that we have a graph (V, E), whereV=
{1, 2, ..., M|} is the set of nodes, anB | V Vis the set
of edges.

3 Filtering Graphs

Graph filtering refers to selecting particular nsdend
edges from a graph. It is a way of reducing thelgrsize
by moving “noise” nodes, and of highlighting impaont
nodes.

Huang et al. (1998) applied several rules to filiereal
Web graph into a simplified tree for a nice layothe
rules include the graph structure-based rule, Wathext
structure-based rule, information-based rule, damm
structure-based rule, and link number-based rute. Use
of these rules ensures that the converted graphtiise,
and simplifies the original Web graph by removigne
particular nodes and their associated edges.dbvsous
that huang’s rules are concerned with both thectira
and content of a Web graph.

Simple filtering techniques based on node attribugee
also reported in Henry's thesis (Henry 1992).

The above approaches have some limitations. The

approach of Huang et al., for instance, is confited

assigns a real value ranging from 0 to 1 to evedenin
G. That isR:V ® [0,1] . TheNode Importance Scoref

node u denoted byR(i) (0O£R(i)£1) is used to rank
nodes.

With this definition, it follows that we need toddop a
method for the calculation ofdIS.

The following algorithm is proposed on the basisthaf
fact that theNIS of a node is affected by thelSs of
nodes to which it connects and by itself.

3.1 Computing NIS of Each Node

The importance of nodes that are proximate to thden
under study should contribute to that of this ndglased
on this fact, theNIS of a node should be proportional to
the sum of theNIS of the nodes to which it is directly
connected. Therefore we have:

=/ ar,
j=1

wherer; is theNIS of nodei, n =)V|, anda; =1 if nodesi
and j are adjacent, or 0 otherwise. Hence, a node
connected to many well-connected nodes is assigned
high score by this measure. However, a node that is
connected only to near isolated nodes is not asdign
high score, even if it has a high degree.



On the other hand, some status importance of ndoes 3.2 Filtering Nodes and Edges

not completely depend on their connection to Other§pe noges in the graph are ranked according ta thei
Each student in a class, for example, has somelgiiiyu ;g5 and those nodes as well as their associateds edge
that depends on his or her external status chaist@te. ..o then removed which are noitpoing andbridges
In a word, each individual node has its own statug,q ywhoseNISs are less than the threshold. Formally, the
characteristics, which are independent of otheesod set of filtered nodes is
Overall, the measure of the importance of a node is _ VI .

; . F= I VUVl K(G)UR(v) <t},
determined by both external and internal factoree T Aviv AV . ( ),, V) <8
above equation can thus be modified as: {(vu) [ul VU(vu)l 7(G))

(= " ar +e where k(G) denotes the set ofutpoins in a graph
: o G,/ (G) denotes the bridge set including latldges, and
whereg is the internal importance score of nadd he R(v) is theNIS of nodev .
parametes reflects the relative importance of exogenoudhis model for filtering graphs is calleglobal filtering,
versus endogenous factors in the determinatidl &f while another model is known disheye filtering Both
models are based on threshold&lobal filtering,
?\owever, permanently removes relatively unimportant
) ‘ ) ] nodes and their associated edges, measured byilssir
le.or=(r.r,, ,r,),eavector of the internal importance |, sher words, the appearance of a particular node is
of nodes, i.ee=(g g,, £,),andA an adjacent matrix. primarily determined by itsNIS. Within the fisheye
An equation with a combination of both external andiltering model, whether a node is visible or not is
internal factors is then given by: conditional on both th&lIS of this node and its distance
from the current focus node.

These n equations for all nodes in a graph can b
rewritten in a matrix form. Let be a vector ofNIS

r=/Ar +e
This equation has a matrix solution: 3.3 An Experimental Example

r=(- A)’e An example of a Web graph with 50 nodes is shown in
wherel is an identity matrix witld dimensions, andis a Fig 2(a), while Fig 2(b) illustrates the filtered graphhwit
vector withn components. 27 nodes. It is obvious that the nodes at marginal areas
have been removed. This conforms to the concepll &f

We normalize to the norm of 1, i.e. defined before.

n
Il r2=1

The eigenvector importance of a nads finally attained:
R(i) =r,

That is, the components of vectoare the corresponding
NIS of nodes in a graph. High rank importance scores
imply that nodes are connected either by a fewrothe
nodes that have high rank scores, or by many othigins
low to moderate rank scores.

The running time for computingNlS is O(n "2.376)
(Coppersmith 1990).

This idea of eigenvector centrality was initiated (Katz
1953) and further developed by (Hubbell 1965) amsyn (&) A graph with 50 nodes, and thiode Importance
others, finally culminated with (Bonacich 1972) who Scoresanging 2.874%-~ 64.998 %
defined centrality as the principal eigenvector af
adjacency matrix.

Up to this point, we already know to how to caltelthe
NIS of a node in a graph. However, we cannot directly
remove those nodes with relatively lowdlSs. The
underlying requirement for filtering is that a dited
graph is still connected, which means that the main
relations of what the graph reveals are well presr
The removal of some nodes disconnects a graph., Also
their removals make some nodes unreachable frone som
others. These nodes are referred to @gpoins.
Similarly, edges aréridges if their removals result in (b) A filtered graph with 27 nodes, and theilode
disconnected subgraphs. Therefore the second rtegpn simportance Scoresanging: 7.474%~64.998 %

of filtering a graph is given in the following sewui.

Fig.2. A Web graph and its filtered graph



4 Clustering Graphs In general, it is possible for two non-neighbour nodes i

aph to have more than one or no paths between them.

—_— . r
Ap_aft from f"teF'”g' clustering grap_hs SEIVes as aS\Ie aim to maximize the linkage degree between the two
efficient alternative method of drawing large graphs,

des. Obviously, the longer the path between two nodes
Clustering a graph means that relatively highly connectqé) ¥ g P

; . ,_the less the linkage value they have. The maximum
nodes and their associated edges are grouped to fo”ﬂnﬂage degree of two nodesan consequently be

subgraph, represented by one a_bstract node. In this Wa¥fhsidered as finding the shortest path with respect to the
coarse, clustered graph is obtained by replacement of nimum cost in the graph where the cost of every edge
such subgraphs. A clustered graph can greatly redugei'

visual complexity. Moreover, a hierarchically clustered

graph can produce superimposed structures over ther the above reason, the need for finding the shortest
original graph through a recursive clustering process. paths between all pairs of nodes in a graph arises. More
) . L recisely, the shortest paths between two non-neighbour
In the .f'eld. of g“?‘Ph V|_suaI|zat|on3 a node structur odes, defined as a path with the fewest edges, are
metric is widely utilized in many different forms. Oneinitially found by the well-known Dijkstra or Floyd's

simple example is the degree of a nod_e, \.e., the NUMBBhorithm. The products of sequentially multiplying

of edges connected to the nod_e. A metric more specific ﬁﬂkage values of all node pairs in such paths are then
trees, called the Strahler metric, is applied to tree graphs;|.yjated. Finally, the maximum value among those
in which nodes with the highest Strahler metric value roducts is chosen as the degree of linkage between the

generate a skeleton or backbone, which is  thep, noges. Formally, it is assumed that one of the shortest
empha@smed (Delest.et al 1998, Herman et al 1999). Usi dths between nodesandy; is along a sequence of node
the distance metric, R.A. Botafogo et . al. (1_992 airs (i, ViJ, (Vo V1) ..., (m V). The linkage valué (v,
constructed a distance matrix that has as its entries maximizes all the values dfink(v,, v)) over all the

Iy ]

. : 4
distances of every node to every other node, to identi bssible shortest path sets, denoted by a unioPGet

hierarchies in an organization. between nodews; and vi. An equation is accordingly
In what follows, we present a new approach to clusterirgyrived at:
a graph. The key idea behind this approach is to use an iy = A
abstract node to express a set of the most linked nodes in 16.1) mpax{O Link €k}
a graph. This is achieved by initially grouping linking . . .
nodes from a node linkage matrix constructed on t,,%hereP is a set of pairs of EOdeS in the shortest path
basis of a novel node link metric. Such each groupetween nodesandj, namelyP ={(l,m), ,(r,k)}.Such

potentially represents a set of highly connected nodes several possible shortest paths consist of B set
the graph. These groups are then individually replac
with abstract nodes to form a higher abstraction level
the graph with a reduced dimension.

(1K) P

e(?ombining of the above two equations, we can caostr
e node linkage matrix of a gra@ Each entry of this
matrix is computed by the above equation whiclstiie

. . extent to which two nodes are linked. The nodeage
4.1 Linkage Matrix matrix is thus derived:

In order to find those subgraphs with high connectiwvity L =[G, )1y,

a given graph, we need a measure to quantify the linkage ) ) ) _

degree of a graph. Starting with a simple case of twbhis matrix provides a basis for clustering the
nodes, we discuss this linkage between them. A nog€rresponding graph.

structural metric is thus proposed to measure such a ligk2 Seed Node

between two nodes, making use of the number of sha

f : : i
edges and how many links they have. The fink degrg\ﬂth the linkage matrixk. of a graph, we attempt to find

between two nodes is partly determined by the numberqﬁ hly connected subgraphs. Such subgraphs can be

) und using the seed nodes as their first membeesicA
edges between them. In particular, the greater the ”“m‘?ﬁ(mber of different schemes have been developed for
of the edges the two nodes share, the more links they

. & fecting an initial set of seewdes as the centroids of
At the same time, the greater the number of edges t_hey fsters. A commonly used scheme selects the smeds

. - ; aluated by computing the similarity of each ntwéhe
distance and the Jaccard Coefficient (Everitt 1993 entroid vector of the cluster that it belongsTbe best

Among them, Jaccard Coefficient can be used to MeasY&tion is the one that maximizes the sum of these
the degree of overlap. We therefore calculate the degr&?‘nilarities over the entire set of nodes
of the connection between two nodesdk as ’

1 Starting with arbitrary random centroids is, howe\e

Link(l,k) =1- : relatively poor solution. An efficient method isegented
deg( )+ de ) - here to determine the number of clusters and tlen t
where the degree of node |, namely ~choose the initial centroids of the clusters.

deg()=|{ | (i ) EUil V }|, is the number of nodes thatThe pasic idea of this approach is to usestsed nodes
are directly connected to it. Intuitively, a node with a relatively higher degraee.



more connectivities to other nodes, should fornocall
“community” together with the nodes around it.

The proposed algorithm detects as #e=d nodeghe
nodes whose degrees are greater than the averggeede

of a graphG. These nodes potentially act as the initial
members of different clusters later. In some casas,or

more seed nodes, however, are densely connected and
they are not far away in the graph. This suggdsty t
should stay within one cluster. Such two or meeed
nodeswill be combined into onseed nodeif they share

the nodes of thek-nearest neighbounode sets, denoted a)|V|=38
by k-NN, and if the number of the shared nodes is no less
than half a degree of one of them. Each remaining
member of the reducesked nodeset acts as the initial
member of each cluster.

The seek nodesare chosen against the following two
criteria:
Their degrees are above the average degree of the
graph (b)VI=6 (dYF12
N(G) ={il deg(i)> degG )i V }
If two nodes satisfying the above criterion are faot
away in the graph, then remove one of them.
N'(G) ={j |k_NN(i) C k_NN(j) P deg(j)/2,i,j1 N(G)}

wherek NN(i) is thek-nearest neighbour set of nade (d) M|=3
The nodes in a sé&t(G) = N(G - N'(Q will be seed
nodes Fig.3. Graphs and their clustered graphs
4.3 k-means Algorithm graphs, a special attributed graph as we mentibaéate.

. The problem of node overlapping may occur when
With a set ofseed nodeswe can apply th&means ,nq1ing traditional graph layout algorithms to uc
algorithm to the linkage matrix so as to group Wgh |5pejeq graphs, most of which do not take into anto
linked nodes into subgraphs in a graph. The algorit 1,0 node size. This results in destroying the layou
consists of a simple re-estimation procedure dsvisl 5o gihetics—the main purpose of the layout algoritfine
First, the nodes in theseed nodesset N(G) areé hoeq for removing overlapping nodes thus arises.
individually assigned to theN(G)| cluster sets as their Furthermore, in a dynamic environment where a graph

initial memberships. The centroid is then compu@d ... often be modified such as enlarge/shrink syihgra
each pluste_ring set.. These .two steps are aIt_ermmﬁzlch and add /delete nodes, also at thew stage of the
stopping criterion is met, i.e. when there is nattfer o.,h0564 framework, users need to interactive with
change in the aSS|gnment_ of the nodes. _ Recursivg out, the layout of the graph should thus be stefii to
applying the k-means algorithm to the matrix praiC cqer for these changes. When eliminating overtappi
the multiple abstraction level of clustered graphs. nodes, it is desirable that adjustment of the nabayout
We report an experimental example to show the tegul should be kept to a minimum.
Fig. 3. To deal with the problem of large grapholals, g qghly, three kinds of approaches to solving theen
fllterln_g and clustering have the identical purposes Ofoverlapping problem have been reported in thealitee:
reducing the number of nodes and edges within@ulay jnitorm Scaling (Lai 1993), Constrained Optimizatio
However filtering achieves this by suppressing part of @, ot g 1998, Marriott et all 2000) and Forceeahs
graph, removing less important information. On th Igorithms (Eades et al 1995, Lyons et al 1998,1993,
contrary, clustering forms higher-level summaries by 5002) " preserving the original structure of a gragh
grouping nodes and edges, hiding parts of infonati  gyaightforward approach called Uniform Scaling ieso

) ) node overlaps by uniformly scaling the overlapping
5 Changing Views layout. The nodes may, however, be expanded

In practical graph visualization applications, tredes in Unnecessarily and the adjusted layout thus tents too

a graph represent objects or entities, which hastindt  'arge. The Constrained Optimization approach maises
labels as their identifiers. These labels in a imgwcan ©f @n objective function comprising basically of a
be presented in the form of texts, digitals, orgemthat duadratic expression about differences betweemttiel
should be drawn not as abstract points with almostize and adjusted coordinates of the nodes within afgrap
that most drawing algorithms assume, but rather &Ptimal solution to such a function is then prodde

rectangles large enough to display the labels. F&HbieCt to a set of constraints that ensure no node
example, UML diagrams in CASE tools are labeled overlapping (He et al 1998, Marriott et al 2000he$e
kinds of approaches can “give better layout thanftince

scan algorithm, although they are slower”( Marrigtttal



2000). The Force-based Algorithm includes Cluster
Busting in an anchored graph drawing and the FSaam [
algorithm (FSA). The procedure of Cluster Bustisg i i, %) O dx;
iterative in that the nodes in a graph are iteedyiv e ?%"__C_) (5. %)
relocated in accordance with measurable criterfeesé
criteria are introduced to improve the distributiointhe
nodes (cluster busting) and to minimize differences
between the original layout and adjusted layouttfared
graph drawing). Also, these algorithms have to ruf® =W +w;)/2-|x - X; |
several iterations to achieve a better-adjustecdouy dy, =(h +h)/2- |y -y, |
Preserving the mental map of an original graph, FSA . .
produces a compact layout compared with the UnifornWhere_W" h‘.’ W andvyj denote the widths and heights of
Scaling. A variant of FSA (Lai 1993) allows an aitial ~ "0des andj, respectively
pull force between two nodes to make a graph lagsut . Find all left (or down) nodes recursively overlampi
g?_'mp'z/lactAlas pr(])sskbsle. OtherI {Sgig;ed \r/]vork r|]nclud(;e5 th  with a particular nodg

riMp Algorithm (Story et a , where the nede N .
a graph uniformly give up screen space to allowderof LNN() ={(i Ii <j Udx, >0 Loy, >0}
interest to grow. These nodes are appropriateledda For instance, while overlapping with node node b
fit inside the screen. overlaps with node, then we havé&NN (b) = {(a, b), (b,

)}

Fig. 4. Overlap calculation

c

We present an adjusted graph layout Algorithm dalle, Calculat th [ f

Force-Transfer Algorithm (FTA). a Zu ate in dor o(?ona oree
fx — )gj I )gj < yij

The main idea of FTA is to apply a ‘forck,, to one of "i = | otherwise
two overlapping nodeg and u so thatf,, pushesu away _

from v. For all the overlapping nodes in a graph, apglyin ¢ - @% i dx * dy,
forces is carried out one by one within two scamse ! 0 otherwise
left-to-right horizontal scan, and another top-titdm  Tpat s, we use only the minimum one of two orthuajo
vertical scan. As a result, some nodes are movedher  yerjapping distances.

horizontal or vertical directions to avoid overlagsis
scheme raises three issues to be addressed: hathyge
force should be, in which way an applied force i\ node will receive all applied forces on the nodests
transferred to other nodes, and where to startthétfirst |eft side if they are overlapping each other. Tiveshave
force. The answers that follow to these questionkara . iy

distinction between FTA and the widely used FSAstri d; = o f

a minimum force is chosen to separate two overtappi h T(’”LLNN(“

nodes so that the local optimisation of an adjustne wherex = 2 VI

achieved. Second, the force is restrictedly transfeto a Reposition each node.

dynamic subgraph that is a group of nodes overtappi % = X +ds, Vi = Vi

each other. It is possible that a node does natapv@vith  From left to right, the overlapping nodes are motethe

any node in the subgraph, but does with at leastan (ight one by one, including those newly overlapping
them after an adjustment. The nodes in the subgae®h nodes due to this adjustment.

therefore updated iteratively during the scan. plaeess ) o

of the adjustment will continue until such subgmphTWo examples are given in Fig 5. More examples and
including overlapping nodes no longer exist in fimal ~comparison with FSA were reported in (Huang et al
layout. It should be noted that the node with thigial —2003).

applied force called the seed node in FTA can be an

node in a graph. 6 A Prototype of the Framework and Example

and

Aggregated distances of each node

The algorithm is described as follows: Employing the object oriented design, we develop a
prototype for the proposed framework called PGAaso
to demonstrate the performance of our algorithmad an

Output An adjusted layout without overlapping nodes approaches.
Sort all the nodes according to the values of théir The user interface of PGA is shown in Fig 6. The

Input: A graphG layout

(the left-upper corner) coordinates architecture of PGA is composed basically of sdvera
Start scan from the leftmost node modules: input module, filter module, cluster model,
Right horizontal scan layoutModule, andview module.

Down vertical scan There modules roughly match the graph visualization

In the following we take the right horizontal scas an framework shown in Fig. 1. The modules can be
example to explain its procedure. seamlessly assembled into a graph visualization
application in which each module corresponds to one
stage of processing in a pipeline of graph data flothe
proposed frameworHt is also possible, of course, to use

Compute overlap distances between two nodesl]



the modules independently such as filiering module,
theclusteringmodule, and thiatyoutmodule.

(a) An overlapping graph layout
(b) Layout adjusted by the force-transfer algorithm

(c) An overlapping graph layout

(d) Layout adjusted by the force-transfer algorithm
Fig. 5. Overlapping graph layouts and their adjuste
layouts

Fig. 6. The interface of the framework PGA

6.1 An Example

In this section, we use part of the Web site ofrfbwirne
University of Technology as an example to systecadyi

Web graph, and the right one as the content dispiay
Web page. Except for some abstract nodes, eachinode
the Web graph is linked to a URL. The node witlalzel
called www.swin.edu.au, for example, is directlykid
to the corresponding Web page, as shown in thedigu

Processing the example shown in Figure 7 undertiees
following steps.

Data extraction

The data used in this example was extracted froen th
Web site of the Swinburne University of Technology
using the software called WebCrawler. The software
accepts as its inputs a starting URL address adsawedn
exploration depth, and then analyzes the hyperlinks
among Web pages. A URL text file containing all the
extracted URL addresses of two hyperlinked Web page
is generated for further investigation.

Filtering

The preceding filtering algorithm is applied dilgdb the
above URL text file, or to a Web graph construdieadn

this file. In the graph, a node represents a Weje pand

an edge indicates a hyperlink between two Web pages
With an appropriate threshold, some “noise” nodesss
important nodes are removed. An example of origamal
filtered graphs is shown in Figure 8.

Fig.7. A web graph and one of corresponding content
of a Web page

(a) A Web graph before filtering

illustrate the proposed framework and the system

functions.

Figure 7 shows one navigation interface of a We#b. si
There are two parts to the interface with the peiit as a

(b) The Web graph after filtering

Fig. 8. An example of graph filtering



6.2 Clustering applications. Several new methods associated with a

. . _ o framework have also been presented including ifiltgr
A previously presented clustering algorithm is &#gplto clustering and dynamic layout. The filtering algionn
the Web graph after filtering. For simplicity, theghest < the nodes based on the structural featunregodiph,

abstract level of the c_Iust_ered Web grgph contaity thereby making unimportant nodes and their assmtiat
two nodes as shown in Figure 9(a). With two expande,yqes” invisible. In contrast, the clustering alton
abs.tract.nodes from Figure 9(a), F|gure.9 (b) ittes *'?‘" superimposes abstractions of structures over ahgrap
their children qodes and c_orrespondlng edges in tmasing the link pattern of the graph. Both algorithoan
second abstraction level of this Web graph. achieve the reduction of complexity of a graph laty@s

far as the dynamic graph layout is concerned, tactdfe
algorithm has been presented to accomplish thermuoimi
adjustment of a graph layout. The prototype caR€&A
implementing the above three algorithms was also
described, together with a Web graph case studg. Th
(a)The first abstract level of a Web site ggg;gag]oeﬂs( includes the usability experiment ofrou
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