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Visual Analysisof Large HeterogeneousSocial
Networks by SemanticandStructuralAbstraction

ZeqianShen,Kwan-liu Ma, andTina Eliassi-Rad

Abstract— Social network analysis is an active area of study
beyond sociology. It uncovers the invisible relationshipsbetween
actors in a network and provides understanding of social pro-
cessesand behaviors. It has becomean important technique in
a variety of application areas such as the Web, organizational
studies, and homeland security. This paper presents a visual
analytics tool, OntoVis, for understanding large, heterogeneous
social networks, in which nodes and links could represent
differ ent concepts and relations, respectively. These concepts
and relations are related thr ough an ontology (a.k.a. a schema).
OntoVis is namedsuchbecauseit usesinformation in the ontology
associatedwith a social network to semantically prune a large,
heterogeneous network. In addition to semantic abstraction,
OntoVis also allows users to do structural abstraction and
importance �ltering to make large networks manageable and
to facilitate analytic reasoning. All these unique capabilities of
OntoVis are illustrated with several casestudies.

Index Terms— graph drawing, information visualization, on-
tology, semantic graphs, social networks, visual analytics

I . INTRODUCTION

A social network representsrelationshipsbetweenactors
(such as people, families, Internet social groups, corporate
organizations,businesspartners,nations,etc). Socialnetwork
analysisis anactiveareaof studybeyondsociology. Analyzing
a socialnetwork canprovide structuralintuition accordingto
the ties linking actors and lead to improved understanding
of social processes.The analysiscan help identify critical
actorsor links. For example,analyzinga terrorism network
canhelpusunderstandterrorists,their organizations,andtheir
associationsto events.The goal of suchanalysisis to enable
us to deducenew relations, reveal potential vulnerabilities,
and identify an attack before it occurs.Social networks are
inherently visual in nature.Visual analytics tools and tech-
niques have been used in social network analysis [1]–[3].
Theseresearchresultsshow thepotentialvalueof visualization
directedanalysisto complementthe moretraditionalmethods
basedon mathematicalandcombinatorialanalysis.

Socialnetwork analysisfor real-world applicationspresents
several challenges.First, the network can be very large con-
tainingfrom thousandsto evenmillions of nodes.For example,
Koldaetal. [4] describenetworksthatcanreach109 nodesand
anorderof magnitudemorelinks. Thesheernumberof nodes
and links makes drawing the entire network computationally
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infeasible.It also resultsin a mismatchbetweenthe density
of information and screenresolution available. Next, large
socialnetworkscommonlyhavecomplex relationsamongtheir
actors(suchasthesmall-worldproperty[5]). Thesestructural
propertiesmake visual analysisdif�cult (a.k.a., the death-star
phenomenon).Finally, a social network may have heteroge-
neousnodesandlinks (a.k.a., a semanticgraph)[6]. In other
words, the network may consistof different typesof entities
(multi-mode network) and relationships(multirelational net-
work) [7]. For example,in a terrorismnetwork thenodesmay
be terrorists,organizations,attacks,andother relevant events.
This heterogeneitycreatesadditional complexity of visual
analysis.In this paper, we addresssomeof thesechallenges.

We analyze large heterogeneoussocial networks by (i)
applyinga setof informationvisualizationtechniquesand(ii )
guiding the analysiswith an auxiliary graphcalled ontology.
An ontology graph(a.k.ablockmodel[8]) is a descriptionof
the relationshipsthat can exist for an actor or a group of
actors[6] and is generallymuch smaller (as in the number
of actors and links) than the social network. The ontology
may be generatedprior to populatingthe network with data
or bederivedfrom thenetwork data.In this paper, we assume
the ontology graph is given with the semanticgraph(i.e., it
is not derived).We have introduceda setof novel abstraction
and �ltering techniquesfor ontology-based,interactive visual
analysisof large heterogeneoussocial networks. Theseab-
stractionand �ltering techniquesare basedon both semantic
andstructuralinformationandallow usersto �nd factsabout
actorsand relationsmore easily by creatingviews of some
isolatedgroups.We have built a prototypesystem,which we
call OntoVis, andevaluatedit usingtwo casestudies:a movie
network [9] and a terrorism network [10]. The rest of this
paperdiscussesrelatedwork, introducesour designand the
interactive visual analysisprocess,presentsour casestudies,
andsuggestsfurther researchdirections.

I I . RELATED WORK

Socialnetwork visualizationandanalysishasattractedmuch
interest from both sociology and information visualization
areas.Linton Freeman[1] summarizesthe rich history of
socialnetwork visualizationfrom thesociologyperspective.A
comprehensive list of social network analysissoftware pack-
agescan be found at [7], [11] and the INSNA website[12].
Researchfrom the information visualizationperspective put
more efforts into the visual representationandexplorationof
socialnetworks.Graphdrawing methodshave beendeveloped
for network visualization[13]–[15] and are applicableto the
analysisof socialnetworks.



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTERGRAPHICS,SPECIAL ISSUEON VISUAL ANALYTICS 2

To overcomethe visual complexity of very large networks,
Abello and his colleaguesintroduce network visualization
techniquesthat allow users to �nd facts about actors and
relationsamongthem more quickly throughinteractive navi-
gationof thenetwork at differentlevelsof abstraction,from an
overview to close-upviews of someisolatedgroups[16], [17].
Focus+context techniqueshave also beenusedto allow users
to simultaneouslyaccessoverview informationwhile working
on detailsof interestinggroups[18], [19].

The key to visual analysisof heterogeneousnetworks is
properutilization of the semanticinformation that resideson
thenodesandlinks throughouttheanalysis.Despitethewealth
of network visualizationandanalysisresearch,few weredone
for heterogeneousnetworks. Most previous works focus on
visualizing the SemanticWeb [20], [21]. NetDraw [22] is
a programto visualize large social networks. It can handle
heterogeneousnetworks with two node types.Pajek [2] is a
widely usednetwork visualizationandanalysissystem,which
employs a suiteof network analysisalgorithms.It canbreaka
largeheterogeneousnetwork into small onesby clusteringthe
nodesaccordingto their types.However, Pajek doesnot use
ontology information effectively, becauseit is not designed
speci�cally for heterogeneoussocialnetwork visual analysis.

Therefore,new designsandtechniquesfor visualanalysisof
largeheterogeneoussocialnetworksareneeded.Weproposeto
useboth structuralabstractionand�ltering basedon ontology
information,which resultsin a dual-graphapproachusingboth
thesemanticgraphandits associatedontologygraphto reduce
thelargesocialnetwork, examinedifferentinstancesof known
relationships,infer new relationships,andreveal otherhidden
knowledgein the networks.

I I I . ONTOV IS

Throughoutthe paper, a semanticgraphis de�ned asG =
(V; E ; vt; et) and its associatedontology graphis de�ned as
OG = (TV ; TE ). V denotesthe vertex setandE denotesthe
edgeset. TV = f t1; t2; :::; tn g is a set of vertex types and
TE = f (t i ; t j ) : t i ; t j 2 TV g is a setof edgetypes.vt denotes
a mappingfrom V to TV thatassociatesa vertex to its type.If
v is a vertex in thesemanticgraph,vt(v) denotesthe type for
vertex v. Similarly, et denotesa mappingfrom E to TE that
associatesanedgewith its type.If e is anedgein thesemantic
graph,et(e) denotesthe type for edgee. It is important to
note that a semanticgraph cannot have verticesand edges
with types that are not presentedin its associatedontology
graph.In otherwords,TV andTE are,respectively, supersets
of the vertex andedgetypesthat occur in the semanticgraph
G. Both semanticgraphsand the associatedontology graphs
discussedin this paperareundirected.

An ontology graphspeci�es the natureof actorsand rela-
tionsthatcanexist in a heterogeneoussocialnetwork. OntoVis
is a social network visual analyticstool that is designedto
take advantageof this additionalinformation.OntoVis allows
usersto moreeasilyisolateactorsandrelationshipsfor making
inferencesor identifying the key actors.OntoVis is unique
becauseit can do both structural abstractionand semantic
abstraction.Structuralabstractionis achieved by using topo-
logical information such as node degree, connectivity, etc.

Semanticabstractionis attainedby utilizing theontologygraph
suchas nodedegree basedon a speci�c type. OntoVis also
allowstheusersto �lter thegraphsubstantiallyusingstatistical
measures.Theresultinggraphis displayedusingaclevergraph
layout method.In addition, the transition from one graphto
the next is animated.

A. SemanticAbstraction

In OntoVis, usersareableto constructa derivedgraphfrom
the original graphby including only nodeswhosetypes are
selectedin the ontology graph. It would be very helpful if
the userscould alsoremove nodesor addnodesbackinto the
derivedgraphasdesiredduringananalysis.In orderto achieve
this goal, abstractionis usedto hide nodes.An abstractionis
de�ned asan inducedgraphG[TSV ] = (V S;ES;vt; et) of a
selectedsetof nodetypesTSV � TV , whereV S = f v 2 V :
vt(v) 2 TSV g and ES = f (vi ; vj ) 2 E : vt(vi ); vt(vj ) 2
TSV g. Each node v 2 V S has an attribute set, which is
de�ned as va(v) = f u 2 V : (u; v) 2 E ; vt(u) =2 TSV g.
Sincethis inducedgraphis an abstractionbasedon semantic
information, we call it semanticabstractionof the original
graph. In OntoVis, as soon as a node type is chosenfrom
the ontology graph,all nodeswith this type areaddedto the
semanticabstraction.All the nodesthat are not included in
the abstractionarenot deleted;rather, they areconvertedinto
attributesof the nodeskept in theabstraction(which aretheir
neighborsin the original graph).

Semanticabstractionnot only provides a simple view of
interestto help isolatekey actorsin social networks but also
allows users to expand the abstractionback locally to see
details. In other words, userscan browse the attribute lists
of nodesin the abstractionand convert a particularattribute
of interestbackto a node.In orderto demonstratethis idea,a
verysimpleexampleof a terrorismnetwork is shown in Fig. 1.
Pleasenotethat in OntoVis edgesaredrawn asBéziercurves,
becausewe believe they look more pleasing than straight
lines. There are three different node types in the network:
country/area,terroristorganization,andclassi�cation.Thetask
is to �nd the similarity and differenceamong all terrorist
organizations.We �rst select only one node type: terrorist
organization in the ontology graph. The induced semantic
abstractioncontainsfour organizations:Revolutionary Nuclei
(RN), Revolutionary People's Struggle (RPS), Fighters for
Freedom(FF) andPopularRevolutionaryAction (PRA). The
attributesof RPSand FF are displayed(seeFig. 1(a)). They
have one commonattribute: Greece,which is a country/area
nodein the original graph.We convert Greeceto a nodeand
addit to the abstraction.All the existing edgesbetweennode
Greeceandthe nodesthat are includedin the abstractionare
displayed(SeeFig. 1(b)). We �nd the commoncharacteristic
of the four terrorist organizationsis that they are all located
in Greece.Next, we want to �nd the differenceamongfour
organizations.We go back to the �rst view, i.e., Fig. 1(a)
by converting node Greeceback to attributes. In Fig. 1(a),
one of the attributes of RPS is Leftists, while that of FF
is Anti-Globalization. They are both classi�cation nodesin
the original graph.We addedthem back into the abstraction.
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Fig. 1(c) shows that these four terrorist organizationsare
classi�ed into two categories: RPS and RN are classi�ed
as Anti-Globalization, while FF and PRA are Leftists. In
this example,we demonstratehow to obtain a simple view
of interestand expand it locally using semanticabstraction
techniques.This is a powerful capability of OntoVis. For
example, a terrorism network that containsa large number
of attacks,if displayeddirectly, would lead to severe visual
complexity. To suppressthis complexity, userscan choose
to only display the terrorist organizationsand make terrorist
attackan attributeof the responsibleorganization.If usersare
interestedin investigatinga particularattack,it canbeselected
in the attribute list of the responsibleorganizationandadded
to currentabstractionof the semanticgraph.

B. Structural Abstraction

The other way to managethe visual complexity of a large
network is to make useof its structuralinformation (suchas
connectivity andnodedegree)to condensethe network. Such
structural abstraction,however, must preserve the essential
structureof theentirenetwork. Therearedifferentapproaches
to makingstructuralabstractions.For example,in [19], nodes
arelaid out by a force-directedmethod,andthenbasedon the
layout result,nodescloseto eachotheraremergedinto super
nodes.In [23], an algorithmis introducedfor �nding strongly
connectedcoresof bipartite graphs.Most of social networks
that we have worked on have two characteristics.First, the
network containsmany nodesof degree one connectingto
speci�c nodes.Second,the network hasduplicatepaths.For
example, the nodescircled in Fig. 2(a) connecttwo nodes
thatarealsodirectly connected.In general,this kind of visual
information is consideredredundantfor understandingthe
structureof the network. OntoVis can directly remove one-
degreenodesand duplicatepaths.Fig. 2(b) shows the result
of applyingsuchstructuralabstraction.The visual complexity
is reducedsuch that the user can readily focus on the key
actorsin the network and the relationshipsamongthem.

C. ImportanceFiltering

A main questionin analysisof heterogeneoussocial net-
works is which typesandrelationshipsshouldbe selectedand
investigated.The ontologyof a heterogeneoussocialnetwork
can facilitate the selectionof node types and relationships.
Usually users make judgments according to their domain
knowledge.Unfortunately, thesejudgmentscanbe quite sub-
jective and introducebiasesinto the analysis.Moreover, for
unfamiliar datait is usuallydif�cult for usersto make choices.
To achievemoreobjectivereasoning,OntoVis makesuseof the
statisticalmeasuresproposedin [6] for evaluatingconnectivity
andrelevancebetweennodetypes.For example,nodedegreeis
a usefulmeasurein socialnetwork analysis.A nodewith very
high degreeis generallya crucial actor in the socialnetwork.
This conceptcan be extendedto heterogeneousnetworks as
describedin [6]. In particular, nodedegreeis rede�nedto take
into accountthetypeinformationgivenby theontologygraph.
Formally, let � , � benodetypesandi = 1; :::; n. Then,k�� (i )

(a) A semanticabstractionthat only containsterrorist organiza-
tions. Nodeswith typesof country/areaandclassi�cation become
attributesof their neighborsin the original graph.

(b) Greeceis converted to a node.This view shows that all four
organizationsare locatedin Greece.

(c) From (a), Leftists and Anti-Globalization are converted and
added.This views shows that two organizationsare classi�ed as
Leftists andthe other two areclassi�ed asAnti-Globalization.

Fig. 1. A simple example of terrorism network analysisusing semantic
abstractiontechniques.Theattributesof a nodearedisplayedin a box besides
it.

is the numberof neighborswith type � of a nodei with type
� . The total numberof neighborsof nodei is

k� (i ) =
X

�

k�� (i ) (1)

Let n� be the numberof nodesof type � . Functiont i gives
the type of nodei . The averagenumberof neighborsover all
nodeswith type � is

k� =
1

n�

X

i;t i = �

k� (i ) (2)

To compareconnectivity amongdifferent types,k� must be
rescaledby the numberof different neighbortypesthat type
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(a) Original network has many one-degree nodesand
duplicatepaths,which increasethe visual complexity of
the graph.

(b) Structural abstraction after removing one-degree
nodesandduplicatepaths.Thekey nodesin eachcluster
andthe connectionsbetweenthembecomeclearer.

Fig. 2. A simpleexampleof structuralabstraction

� can have, k0
� . Then, the averageconnectivity per type is

de�ned as follow:

m� =
k�

k0
�

(3)

This valuemeasuresthe connectivity of nodeswith a type � .
The connectivity varianceper type is

k2
� =

1
n�

X

i;t i = �

k2
� (i ) (4)

The dispersionof averageconnectivity per type is given by

� k
� =

[k2
� � k�

2
]1=2

k0
�

(5)

� k
� tells us if all nodesof type � have essentiallythe same

connectivity.
Usingnodedegreeper typeandits dispersion, userscanget

anideaabouttheconnectivity of nodesbelongingto eachtype.
Typically nodeswith large degreesper type and dispersions
indicatekey actorsin a network.

Besidesthe averagenode degree per type and its disper-
sion, the node type disparity of eachnetwork connectionis
important.For example,supposetype A can link to both B
andC given the ontologygraph.However, nodeswith type A
preferentiallyconnectto nodeswith type B. This information
is usefulin heterogeneoussocialnetwork analysis.In addition,
identifying weaklinkagesare important[24]. For example,if
the links betweennodeswith type A and nodeswith type C
areweak,we might want to look at the nodeswith thesetwo
typestogetherto investigatetheir relationships.This disparity
value is formally de�ned in [25] and [26]. Speci�cally, for a
given nodei of type �

Y2(i; � ) =
X

�

�
k�� (i )
k� (i )

� 2

(6)

A small valueof Y2(i; � ) indicatesthat the links from nodei
areevenly distributedto all types,which canconnectto type
� . If a few typesdominatethemostof connectionsfrom node
i , Y2(i; � ) will be large. The averagevalue of Y2(i; � ) over
all the nodeswith type � is

Y2 =
1

n�

X

i;t ( i )= �

Y2(i; � ) (7)

The correspondingdispersionis

� Y
� = [Y 2

2 (� ) � Y2(� )
2
]1=2 (8)

However, theseresultsare affected by the fact that some
types have more nodesthan others.Let V (� ) be the set of
types,which canconnectto � . Then,Y T

2 is de�ned

Y r
2 =

X

� 2 V ( � )

hn�

n

i 2
(9)

RescaleY2(� ) by Y r
2 :

R(� ) =
Y2(� )

Y r
2

(10)

The correspondingdispersionis

� R
� =

� Y
�

Y r
2

(11)

R(� ) is called the disparity of connectedtypes[6]. A node
type with a large value for its disparity of connectedtypes,
R(� ), preferentiallylinks to a smallnumberof types.For het-
erogeneousnetwork analysis,nodetypeswith high disparity
maybeinterestingbecausetheir preferenceof neighborscould
lead to �nding of weak linkages.The dispersion associated
with disparity of connectedtypes shows whether such a
behavior is typical.

In OntoVis, userscan selectone of thesemeasuresto be
visually encodedin theontologygraph.For example,OntoVis
usesnodesizesto representdisparityof connectedtypesin an
ontologygraph.Fig. 3 depictstheontologygraphfor a movie
dataset.Type personhasthe largestdisparity. In otherwords,
nodesof typepersonpreferentiallyconnectto a small number
of types. Based on such information, users can focus on
the typeswith high connectivity and unbalancedconnections
(which have higher informationcontent).
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Fig. 3. Ontologygraphof a movie dataset.Nodesizesindicatedisparityof
connectedtypes.Type personhasthe largestdisparity.

D. Graph Layoutand Animation

Whetherwe want to displaya part or an abstractionof the
social network, using an appropriategraph drawing method
is essentialto reveal the key structural information of the
network. We have chosento use force-directedlayout graph
drawing [27] becauseit is generalenoughto work with many
typesof networks,relatively easyto implement,andadaptable
to satisfydifferent requirements.

Force-directedmethodsuse a force model basedon the
graph layout aestheticsand an algorithm to searchfor the
optimal state of the model. A variety of force models and
optimization algorithms[28] have beenintroduced.Because
a large percentageof social networks exhibit small-world
properties [5], we need a layout that re�ects the cluster
structure.Thus, we useLinlog [29], which is a force model
designedspeci�cally for small-world networks.

One problem with most graph layout methodsis the ig-
noranceof visual overlappingof the nodes(seeFig. 4(a)).
Generally, force-directedalgorithmsdo not take into account
thedisplayedsizeof eachnodein thenetwork. In our design,
nodesize is usedto indicatenodedegreeor other properties
so we have to addressthe visual overlappingproblem.Some
re�ned forcemodelsareintroducedin [30], [31], which elimi-
nateoverlappingscausedby nodeswith non-uniformsizesand
shapes.Sinceour nodeshapeis round,after the force-directed
layout is computed,a re�nement processbasedon a simple
heuristiccanbe usedto reducemostof the overlappings.The
re�nementprocessgoesthroughall theoverlappingnodesand
pushesthesmallernodesaway from thelargernodes.Fig. 4(b)
shows the resultsafter suchre�ning process.

Furthermore,becauseforce-directedlayoutmethodsarede-
signedfor connectednetworks,they cannotplaceunconnected
nodesvery well (to better utilize the display space).Since
those unconnectednodesare usually of less interest in the
social network analysis, they should not be placed in the
centerto distract the users.We can simply �lter out all the
unconnectednodesor place them in the peripheralarea as
shown in Fig. 4(c).

Whenever a nodeis addedto or removedfrom thenetwork,
the force-directedlayout is recomputed.The nodespositions
after layout can be different from before. It is important to

provide the viewers a smoothtransitionbetweenthe old and
new layouts.Animationenablesusersto keepthementalmap
and better track the network structures[32], [33]. Therefore,
the movementof nodesfrom their current positions to the
new positionsis smoothlyanimated.Thekey issueis selecting
a meaningful initial position for new nodes.There are two
differentconditions:

1) Add a setof nodeswith the sametype to the network:
Sincethe new nodesbelongto the sametype, we want
them to be perceived as a group. Thus, all new nodes
are initially placedtogetherin a randomfashion.Users
seea transitionof how they arepulledaway by existing
nodes.

2) Turn an attribute into a nodeof the network:
Becausethe new nodewasan attribute of anothernode
(which we namedparentnode)it is placednext to the
parent node. Therefore,users can get the sensethat
the new node has “spawn” from the parent node. It
helps usersto recognizeand track the new node and
its relationshipwith its parentnode.

IV. CASE STUDIES

To demonstratehow visual analysisof large heterogeneous
networks can be done with OntoVis, we presenttwo case
studiesin this section.

A. Movie Domain

Themovie network is compiledfrom theUCI KDD Archive
[9]. The network containseight nodetypes,including person,
movie, role, studio, distributor, genre, award and country.
There are 35,312 nodesand 108,212links in this network.
It is generallyimpossibleto visualize the entire network on
a desktop screen.The data is noisy and contains missing
relationships.Consequently, someof the conclusionsdrawn
heremay be inaccurate.However, we focuson demonstrating
the visual analysisprocessusingOntoVis.

The ontology graph of the movie network is shown in
Fig. 5. Node sizesin the ontology graphare set to represent
disparitiesof connectedtypes. Type personis the one with
largest disparity value. The numberon eachlink is the fre-
quency of links betweentwo connectedtypes.Type personis
stronglyconnectedto typesmovie andaward.Therelationship
betweentype personand type role is weak. As mentioned
before,in socialnetwork analysisweaklinkagesareoftenvery
important[24].

We �rst investigatethe relationshipsbetweenpersonsand
roles. Our belief is that a good actor shouldbe able to play
different roles.Thereare 115 different roles, including hero,
savior, scientist,wimp, and so on. We start by selectingthe
nodetype role from the ontologygraph.As a result,all other
types of nodes becomethe attributes of role nodes.Next
we choose� ve particular roles: hero, scientist,love interest,
sidekick and wimp from the list of role nodes.We can then
go througheachrole to selectfrom its attribute list 'person,'
which picksall thepeoplewho actedin that role.At this time,
the derived abstractionis constructedaccordinglyand shows
exactly this role-actorrelationship(seeFig. 6).
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(a) Layout using the original Linlog
method. The node-overlapping problem
is obvious.

(b) Overlappingsare reducedby re�ne-
mentprocessing.However, in the center,
therearemany unconnectednodes,which
areof lessinterestin socialnetwork anal-
ysis. Thesenodescandistractthe users.

(c) Unconnectednodesareplacedin the
peripheralarea,such that the structures
of clustersareclearer.

Fig. 4. Layout andRe�nementfor SocialNetworks

Fig. 5. Ontology Graph of the Movie Network. Node sizesrepresentthe
disparity of connectedtypesfor eachnodetype. The numberson edgesare
the frequenciesof links betweentwo types.Type personhas the maximum
disparity of connectedtypes. Personnodesare preferentiallyconnectedto
movie nodesand award nodes.The relationshipbetweentype personand
type role is weak.

The sheer number of nodes and links make it hard to
�nd actors that played multiple roles. To reducethe visual
complexity, we selectto view thederivedgraphwith structural
abstraction,which removes all the one-degree nodes and
duplicatepaths(seeFig. 7). We observe that Woody Allen,
SandraBullock, ArchibaldLeach(a.k.a., CaryGrant),Thomas
SeanConneryandBill Paxtonarethe actorsthatplayedthree
different roles. They are likely to be very good actors.Also
we �nd that Maria “Mia” Farrow, who played two different
roles,is relatedto WoodyAllen. Therelationshipbetweentwo
goodactorscanbe interesting.Thus,we decidedto do further
investigationon their movies andrelationships.

First, we want to clear out the unnecessaryinformation.
Peoplenodesexcept Woody Allen and Maria “Mia” Farrow,
are removed by deselectingthem in the attribute lists of
the � ve roles. The roles are also removed by deselecting
the type role in the ontology graph. Next, new nodesand
types neededfor current analysisare added.All of Woody
Allen's movies are selectedfrom his attribute list. People
who worked in thosemovies are selectedfrom the movies'

Fig. 6. Visualizationof all thepeoplehave playedany of thefollowing roles:
hero,scientist,love interest,sidekickandwimp. The red nodesarerolesand
the blue nodesareactors.

attribute lists. The orangenodesrepresentmovies, and the
blue nodesrepresentpeople. The largest blue node in the
center is Woody Allen. Since the node sizesrepresenttheir
degrees,peoplewho worked more often with Woody Allen
shouldbe representedby larger nodes.In Fig. 8, we can �nd
Maria “Mia” Farrow, Louise Lasserand Diane Keaton are
the actorswho worked most often with Woody Allen. Maria
“Mia” Farrow worked on 13 of Woody Allen's movies, and
DianeKeatonmade8 movieswith him. Moreover, we �nd that
Maria “Mia” Farrow andLouiseLasserareboth connectedto
Woody Allen directly. The informationon IMDB [34] shows
that Maria “Mia” Farrow hadchildrenwith Woody Allen and
LouiseLasserwashis ex-wife. It is alsoreportedthathedated
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Fig. 7. Abstraction of the visualizationof � ve roles and related actors.
WoodyAllen, SandraBullock, ArchibaldLeach(a.k.a., CaryGrant),Thomas
SeanConneryandBill Paxtonarethe actorsthat playedthreedifferentroles.
Woody Allen is relatedto actressMaria “Mia” Farrow.

Diane Keanton.Therefore,we conclude that Woody Allen
often worked with his girl-friends on his movies.

We alsowant to studythegenresof WoodyAllen's movies.
Since the people nodesare no longer useful for our task,
they are removed. Genrenodesare addedby selectingtype
genre in the ontology graph (see Fig. 9). Note that the
genresof somemovies are missing.Basedon the available
information, the main genre for Woody Allen's movies is
comedy. Romanticanddramaare two othermajor genresfor
his movies. Interestingly, he alsoworked (asthe voice of one
the characters)in the cartoonmovie Antz.

In themovies' casestudy, weshow thatOntoVis cananalyze
a large graph and lead usersto someinterestingand useful
�ndings. Speci�cally, userscan use the ontology graph to
construct an abstractionthat best relates to their analysis
objective.

B. Terrorism Domain

The terrorismnetwork usedin this casestudy is compiled
from the MIPT Terrorism Knowledge Base [10]. There are
nine different typesof nodesin the network. Fig. 10 shows
its ontology graph. The most crucial types are terrorist or-
ganizationsand terrorist attacks.Classi�cation indicatesthe
type of a terrorist organization.Terroristscan be the leaders
or membersof an organizationor defendantsinvolving in a
legal caseagainstit. A terrorist organizationis connectedto
its basecountriesandareas.A terroristattackis describedby
its location, tactics, targets, weaponsand the organizations,
which areresponsiblefor it. The numberbesideseachtype is
the frequency of thatnodetype in thenetwork. This terrorism

Fig. 8. Visualizationof Movies (in orange)and People(in blue) Related
to Woody Allen. The actorswho worked most often with Woody Allen are
Maria “Mia” Farrow, LouiseLasserandDianeKeaton.

Fig. 9. The three major genres(in green)of Woody Allen's movies are
comedy, romanticanddrama.
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Fig. 10. Ontology Graph of the Terrorism Network. There are nine
nodetypesincluding terroristorganization,classi�cation,terrorist,legal case,
country/area,attack, attack target, weaponand tactic. The number in the
squarebrackets is the count frequency for the correspondingnodetype.

Fig. 11. Visualizationof the Entire Terrorism Network. There are 2,374
nodesand8,767links.

network contains a total of 2,374 nodes and 8,767 links.
Fig. 11 shows a visualizationof the entirenetwork. Although
differentcolorsareassignedto indicatevariousnodetypesand
nodesizesareusedto indicatenodedegrees,thesheernumber
of nodesandlinks createsanoverwhelmingvisualcomplexity
for users.

Tasksfor terrorismnetwork analysisareto �nd key terrorist
organizationsandtry to characterizetheir behaviors. Analysis
of currentbehaviors of a terroristorganizationcanhelp iden-
tify and understandfuture threats,assessvulnerabilitiesand
determinepotentialimpacts.In addition,we are interestedin
relationshipsbetweenorganizations,key terrorists,andattacks.

Based on our tasks and knowledge about the terrorism
network, organizationsare �rst studied.By selectingthe type
terrorist organizationin the ontology graph, the network of
organizationsis visualized(seeFig. 12). In order to identify
key actors(which have more connectionsthan others),node
size is set accordingto its degree. Al-Qaeda is one of the

most dominant organizationsin the network and is related
to most organizations.SinceOntoVis usesthe force-directed
layout, connectednodesare placed close to each other. In
the visualization,we observe that all the organizationsare
placedinto clustersbasedon their connectivity. Largestnodes
in eachclusterare its centeractors(suchas al-Qaedain the
group near the centerand PFLF and Hamasin the group in
the upper-left corner). Although al-Qaedaconnectsto most
of other key organizations,it does not directly connect to
Hamas.They are insteadconnectedthrough an organization
namedHezbollah.The descriptionof Hezbollahon MIPT is
asfollows: “Hezbollahis an umbrellaorganizationof various
radicalIslamicShi'ite groupsandorganizationswhichreceives
substantial�nancial andphilosophicalsupportfrom Iran” [10].

OntoVis can show us the commonalitiesin organizations
belongingto the samecluster. In other words, what are the
reasonsthey are closely connectedtogether?By selecting
nodesin the derived abstraction,we investigatethe attributes
of organizationsin the upper-left corner. Both Hamasand
PFLF are located in the GazaStrip, West Bank and Israel.
Thus, location might be the reasonfor these organization
clusters.We add in the location information by selectingthe
typecountry/areain theontologygraph(seeFig. 13). Thered
nodesin the network are the baselocationsof organizations.
After force-directlayout, the location nodesare close to the
related organizations.In the visualization, each cluster has
several location nodesinside or nearby. Most organizations
in a cluster share common location nodes (except for the
al-Qaedacluster).Organizationsin the cluster placedin the
bottom-leftcornerhave basesin Kashmir, India andPakistan.
Organizationsin theupper-right clusterarelocatedin Colom-
bia. Al-Qaedahas connectionsin most countriesand areas
including United States,Austria, Yemenand Iraq. Compare
to other regional organizations,al-Qaedais an international
terroristorganization.This clearlyshows that theorganization
clustersarebasedon locations.

Inter-group connectionsmake clusterscloseto eachother.
For example,al-Qaedaconnectsto the clusterat GazaStrip,
WestBankandanotherclusterat Kashmir, India andPakistan.
However, it does not connect to the cluster at Colombia.
Do those connectedclusters share somethingin common?
By investigatingthe attributes of related organizations,we
�nd that al-Qaedaand most organizationsrelated to it are
classi�ed as religious and nationalist/separatistorganizations.
Therefore,nodesof type classi�cation are added.In Fig. 14,
the classi�cation nodesthat closely connectto al-Qaedaand
its relatedclusters,arereligiousandnationalist/separatist.Or-
ganizationsin Colombiaareclassi�ed ascommunist/socialist.
Thus,organizationclusterswith the sameclassi�cationstend
to connectto eachother. Organizationsthat arelocatedin the
samecountriesor areas,tendto beof thesametype.Moreover,
religiousandnationalist/separatistclassi�cationnodesconnect
to most organizations.In other words, they are the most
commonorganizationtypes.

We are interestedin the relationshipsbetween terrorist
organizations,terroristsand legal casesagainstthem. Since
location and classi�cation information are not neededin this
task,thesetypesaredeselectedin theontologygraphto reduce
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Fig. 12. Visualizationof the TerroristOrganizationNetwork. The organizationsareplacedinto several clustersbasedon their connectivity by force-directed
layout. The clusternearthe centerincludesal-Qaeda,and the clusterin the upper-left cornercontainsHamasandPFLF.

Fig. 13. Visualizationof TerroristOrganizations(in blue) andLocations(in red). Clusteringof terroristorganizationsis consistentwith their locations.The
organizationsin the upper-left clusterare locatedin GazaStrip, West Bank and Israel.Al-Qaedais an internationalorganizationwith connectionsin many
countriesandareas.
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Fig. 14. Visualizationof Terrorist Organizations(in blue), Locations(in red) and Classi�cations(in tan). Religiousand nationalist/separatistare the most
commonterrorist organizationtypes.Most organizationsin GazaStrip, WestBank, India and Pakistanare religiousand nationalist/separatist. Organizations
in Colombiaarecommunist/socialistandright-wing conservatives.

the visual complexity. Terroristsand legal casesare inserted
into the derived abstraction.In Fig. 15, the orangenodesare
terroristsand the light greennodesare legal cases.Al-Qaeda
is the organizationwith the most terroristsand legal cases.
The casethat involvesmostdefendantsis USA vs. Wadih Ei
Hageetal. 98-CR-1023.Thereareonly two legalcasesagainst
Hamas.

One of the most important tasks is to characterizethe
terrorist attacks.However, thereare over 1900 attacksin the
network, which is too muchfor visualizingandanalysis.From
the analysisabove, Hamasand al-Qaedaare the two most
crucial organizationsin the terrorismnetwork. We chooseto
focuson their attacks.Attacking targets,tacticsandweapons
used are utilized to describeattacks.Thesethree types are
selectedin the ontology graph.All attacksare selectedfrom
the attribute list of al-Qaeda.The greennodesareattacks,the
light blueonesaretargets,thepurpleonesareweaponsandthe
pink onesare tactics.Most attacksby al-Qaedaare bombing
attacksusing explosive weapons.The attackingtargets vary
from business,airport and governmentto diplomatic objects.
We are able to identify 911 attacks,which are classi�ed as
unconventionalattacks.

Next, attacksof Hamasarevisualizedin Fig. 17. Thereare
500 attacksrelatedto Hamas.We selectthe 158 attacksfrom
2005for visualization.Almost all of themarebombingattacks
using explosive weapons.Different from al-Qaeda,most of
Hamas'attacktargetsarecitizensandprivateproperties.

In our case study of the terrorism network, we show
that OntoVis helpsidentify the most importantorganizations
and analyzetheir relationshipsbasedon their locationsand
classi�cations.Also, OntoVis cando further investigationsof
a particularorganization's behavior. The ontology graphand
the abstractionsprovide strongsupportin visual analysis.

V. FUTURE WORK

OntoVis systemmakesuseof theontologyinformationand
several statisticalmeasuresto reveal the hiddenknowledgein
heterogeneoussocialnetworks. Othersocialnetwork analysis
techniquesdevelopedin sociology research[7], [35] can be
incorporatedto extendthe capabilitiesof OntoVis. For exam-
ple, evaluating the importanceof relationshipsand �ltering
the trivial onescan reducethe visual complexity causedby
the large numberof links in the visualization.

In OntoVis, the ontology graph is only usedfor selecting
nodetypes.Thereare other potentialusesof ontology infor-
mationin network analysis[36]. In addition,moreinteraction
betweenthederivedabstractionandtheontologygraphcanbe
useful.For example,if theontologygraphassociatedwith the
original network would containerrors,analyzingthe derived
abstractioncoulduncover theerrorsandhelpuserscorrectand
re�ne the ontologygraph.

An important task in social network analysis is to �nd
“interesting” connectionsbetween two nodes such as the
connectionsubgraphsalgorithm [37]. Connectionsubgraphs
capturethestrongestrelationshipsbetweentwo nodesandcan
be readily incorporatedinto OntoVis.

VI . CONCLUSION

In this paper we presentOntoVis, a visual analysis tool
for exploring and understandinglarge heterogeneoussocial
networks.Ontologygraphsareusedasa guidefor interactive
exploration, coupledwith simple but powerful semanticand
structuralabstractionsand �ltering using statisticalmeasures
of the nodesandlinks in the network. The resultingnetworks
are intuitively displayedand respondto user interaction.Vi-
sual analyticstools such as OntoVis are expectedto enable
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Fig. 15. Visualizationof Terrorists(in orange),Legal Cases(in lightgreen)and Terrorist Organizations(in blue). Al-Qaedais the organizationrelatedto
most legal cases.The caseinvolving most terroristsis USA vs. Wadih Ei Hageet al. 98-CR-1023.

Fig. 16. Visualizationof TerroristAttacks (in green)Relatedto al-Qaeda.Al-Qaeda's major attackingtactic is bombing.Their attackingtargetsvary from
business,airport, governmentto diplomaticobjects.

breakthroughsin dataexplorationwhereinformationoverload
is a barrier to insight.
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