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ABSTRACT

In this article we describe a visual-analytic tool for the inter-
rogation of evolving interaction network data such asthose
found in social, bibliometric, WWW and biological appli-
cations. The tool we have developed incorporates common
visualization paradigms such aszooming, coarseningand |-
tering while naturally integrating information extracted by a
previously described event-driv en framework for character-
izing the evolution of such networks. The visual front-end
provides featuresthat are speci cally usefulin the analysis of
interaction networks, capturing the dynamic nature of both
individual ertities as well asinteractions among them. The
tool provides the user with the option of selecting multiple
views, designedto capture dierent aspects of the evolving
graph from the perspective of a node, a community or a
subset of nodes of interest. Standard visual templates and
cuesare usedto highlight critical changesthat have occurred
during the ewolution of the network. A key challenge we
addressin this work is that of scalability { handling large
graphs both in terms of the e ciency of the back-end, and
in terms of the e ciency of the visual layout and rendering.
Two casestudies basedon bibliometric and Wikip edia data
are preserted to demonstrate the utilit y of the toolkit for
visual knowledge discovery.

Categories and Subject Descriptors: H.2.8 Database
Managemert: Database Applications - Data Mining
General Terms: Algorithms, Measuremert

Keyw ords: Graph Visualization, Visual Analytics, Dy-
namic Interaction networks
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1. INTRODUCTION

In many sciertic domains, visual aids and interactivit y
are often key to forming important insights, particularly
when targeting hard problems. Given the nature of the
knowledge discovery processwith a human-in-the-lo op, a
visual analytic interactiv e front-end is extremely bene cial
for e ectiv e information synthesis.

In this article, we presert such a visual analytic toolkit tar-
geted toward the analysis of dynamic interaction networks.
Many real world problems can be modeled as complex in-
teraction networks where nodes represert ertities of inter-
est and edgesmimic the relationships among them. Fueled
by technological advances and inspired by empirical anal-
ysis, the number of such problems and the diversity of do-
mains from which they arise { physics, sociology, technology,
biology, chemistry, metabolism and nutrition { is growing
steadily. In a large number of such domains the networks
governing interactions are known to evolve or change { bib-
liometric data, social network data, epidemiology data, bi-
ological networks, and the World Wide Web to name a few
examples.

In such networks, the addition and deletion of edgesand
nodes can be used to represert changesin the interactions
among the modeled entities. The challenge is to identify
and localize the portions of the network that are changing to
help characterize the type of changeand its potential causes,
visually. A related challenge is to facilitate interactiv e in-
terrogation, i.e., the user needsto be able to interactiv ely
selectand zoom down to clusters, ertities of interest, aswell
as speci ¢ dynamic interactions and events that govern the
evolution of interaction networks over time.

To addressthese challenges, we intro duce a visual toolkit
speci cally designedto analyze dynamic graphs. Figure 1
provides a schematic represertation of the componerts of our
proposedvisual analysistoolkit. The back-end of our toolkit
leveragesa previously developed event-detection framework
for analyzing dynamic interaction networks [2]. This frame-
work preserts a methodology to detect critical events af-
fecting nodes and communities in such networks and of-
fers a principled way to characterize their evolution through
the composition of various incrementally computable behav-
ioral indices such as stabilit y, sociability and in uence. As
shown in Figure 1, this information is tightly integrated with
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Figure 1: Overview of prop osed to olkit

our front-end providing a highly interactiv e interface for the
user.

To facilitate visual analysis, the front-end of the toolkit
preserts the user with the option of multiple views - a graph
view which is a cumulativ e snapshot represertation of the
graph at dierent points in time, a community view which
represerts the cluster arrangemerts of the snapshot graphs,
an event view which demonstrates the transformations that
have occurred over time, and a node view which details the
evolutionary behavior of individual ertities. We allow the
user to pick the intervals of interest and drill down onto
the corresponding events and behavioral measures within
that time-frame. We use a weighting function to assaiate
di eren t behavioral characteristics such asin uence and so-
ciabilit y with nodes and importance and recency (temp oral
stabilit y) with edges. These weights are then mapped onto
e ectiv e visual cuesto localize features of interest. Overall,
the front-end conforms to the popular mantra { overview,
zoom, lter and details on demand [6].

For exploratory visual analysis, timeliness of the compu-
tation and presertation is important, particularly when con-
sidering large real-world graphs such as social networks like
Myspace and Flickr. Even simple layout and plotting tools
suer when the size of the graph is very large. For our
toolkit, we make use of key optimizations to speedup com-
putation in the back-end, and leveragethe use of coarsening
mechanismsto provide scalableperformancein the front-end
to squeezerelevant information in the available pixel space.

In short, the challengesthat we addressin our work are:

1. Identifying, tracking and representing interesting be-
havioral properties of interactions among nodes and

communities suchas stability, popularity, frequencyetc.

2. Analysis and visualization of communities over time
to discovers key events depicting changesthat occur
with respect to other nodes and communities. Also, we
target the incorporation of semantic content to rank
and evaluate interesting events.

3. Analysis and visualization of the relationships of a node
with its neighbors to discover trendsin its importance.

4. Ensure salability to large graphs and facilitate inter-
active exploratory visual analysis.

We presert two casestudies on real evolving graph datasets
to underline some of the benets of our toolkit for visual
analysis.

2. RELATED WORK

Recertly, there hasbeenconsiderableinterest in analyzing
dynamic interaction graphs. Leskovec et al [15] studied the
evolution of graphs based on various top ological properties,
such asthe degreedistribution and small-world properties of
large networks and proposedthe Forest-Fire graph genera-
tion model. Backstrom et al [3] studied formation of groups
and the ways they grow and evolve over time. Chakrabarti
et al [7] introduced evolutionary clustering which involves
incrementally obtaining high-quality clusters for a set of ob-
jects. In the context of event-based feature analysis Sam-
taney et al [20] described an approach for extracting coher-
ent regions from 2-dimensional and 3-dimensional scalar and
vector elds for tracking purposes. To study the evolution
of these regions over time, they presert certain evolution-
ary events for objects. Event-based methods have also been
applied on spatial data [22].

There has beenconsiderable amount of work in visualiza-
tion of social networks. Heer and Boyd [10] have developed
the Vizster tool for visualizing online social networks. The
authors use a graph represenation for visualizing data col-
lected from the Friendster online community. The toolkit
can be used to explore communities, linkage and supports
keyword search. Perer and Schneiderman [17] have pre-
serted a general social network visualization toolkit. The
toolkit supports ranking of nodes basedon various proper-
ties of the graph like certralit y, cut-points etc. Abello and
others [1] have preserted a graph visualization toolkit called
ASK{GraphView. The toolkit usesa clustering algorithm
to construct a hierarchy which is easyto browse. Henry and
Fekete [11] have preserted a dual representation for visual-
izing social networks. The proposedtoolkit MatrixExplor er
usesa synchronized graph and matrix represertation of the
network for visualization. A key dierence separating our
work from the above methods is that they are designedto
operate primarily on static interaction graphs.

Gloor and Zhao [9, 8] have developed iQuest, a visual
toolkit to understand topics of discussion among actors in
a semartic web. Kumar and Garland [14] have preserted
algorithms to visualize a graph in hierarchical fashion by
exploiting existing correlations. Time-varying graphs are
handled by producing animations composed of static snap-
shots. Qeli et al. [18] have proposed algorithms to visualize
time-varying matrices. The matrices usedin the article rep-
resert clustering results. The authors generatea cumulativ e
matrix and use colors to denote changesin memberships.
The toolkit can also be usedto nd a group of elemerts
which are part of the same cluster for an extended period
of time. The community view preserted in our work serves
a similar purpose. We also provide views showing changes
to nodes, neighborhoods and communities acrosstime. The
tight integration of our event detection back-end is a key
di erence from the above methods.

3. BACKGROUND: EVENT DETECTION

This section provides the reader with a synopsis of our
previous work in order that this document be self contained.
Additional details can be found elsewhere[2]. We de ne a
temporal snapshot S; = (Vi;E;) of a graph G = (V;E) to
be a graph represerting only enrtities and interactions active
in a particular time interval [Ts;; Te ], called the snapshot
interval.



As the graph evolves, its dynamic behavior over time can

be represenied asa set of S non-overlapping temporal snap-
shots. We useclusters of the graph to represen its structure
at di erent snapshots. We believe that studying the evolu-
tion of these clusters, in particular their formation, tran-
sitions and dissolution, can be extremely useful for e ec-
tively characterizing the corresponding changesto the net-
work over time. Let C; and Ci.+1 denote the set of clusters
over two consecutive time intervals respectively. The critical
events we de ne are: _
1) Contin ue: A cluster Cl,; is marked as a contin uation
of CK if VI, isthe same asV/* (i.e their vertex setsare the
same). Note that we do not imposethe constraint that the
edge sets should be the same.

Continue (Cik;Cij+1) =1i V&= Vij+1

2) -Merge: Two dierent clusters C¥ and C! are marked
as merged if there exists a cluster in the next timestamp
that contains at least % of the nodes belonging to these
two clusters. The essetial condition for a mergeis :
Merge(CK;Cl; )= 1i 9Cl,, such that

JOVET VYN VL

- — %
Max(jVE [ V'j;iVihy )

‘ ke , .y
and jV*\ Vi, j> S and jvi'\ Vi j > SX This condi-
tion will only hold if there exist edgesbetween V¥ and V,
in timestamp i + 1. We allow the user the option of varying
the parameter in the visual interface.

3) -Split: A single cluster Cij is marked as split if % of

nodes from this cluster are presert in 2 dierent clusters in

the next timestamp. The essetial condition is that:
Split(Cl; )=1i 9CK;;Cl,; sud that

IOV T V) VY

. — %
Max(jVi%; [ Vilq i1V )

and V% \ Vi j> S5 vl v v s Sl
4) Form: A new cluster CK,; is said to have beenformed
if none of the nodesin the cluster were grouped together at
the previous time interval i.e. no 2 nodesin VX, existed in
the samecluster at time period i. _
Form(Cly)=1i 9noC! sudthat Vik; \ VI > 1
Intuitiv ely, a form indicates the creation of a new commu-
nity or new collaboration.

5) Dissolv e: A single cluster C¥ is said to have dissolved
if none of the vertices in the cluster are in the same cluster
in the next timestamp i.e. no two ertities in the original
cluster have an interaction betweenthem in the current time
interval. _ _
Dissolve(CF) = 1i 9no Cl,; such that Vi*\ V), > 1
Intuitiv ely, a dissolve indicates the lack of contact or inter-
actions betweena group of nodesin a particular time period.

6)Join: A node is said to join cluster Cij if it exists in the
cluster at timestamp i and it was not presert in a similar
cluster in the previous timestamp. _

Join(v;Cl) = 1i 9C! and CF ; such that CF ;\ C! >

. k . .
JC'T“ andv2V¥,andv2V/

The cluster similarity condition ensuresthat C! is not a
newly formed cluster.

7)Lea ve: A nodeis said to leave cluster C¥ ; if it no longer
is presert in a cluster with most of the nodesin V¥ ;.
Leave(v;C/) = 1i 9C! and Cf ; such that Cf ;\ C/ >
JcikT“ andv2 VX, andv2V/

The similarit y constraint betweenthe two clusters is usedto
maintain cluster correspondence.

Behavioal Analysis:.

We use the Join and Leave events, described above, to

de ne four behavioral measuresthat can be incrementally
computed at ead time interval using the events discovered
in the current interval.
Stabilit y Index: The Stability index measuresthe ten-
dency of a node to have interactions with the same nodes
over a period of time. Let cli(x) represert the cluster that
node x belongsto in the i time interval. The Stability
Index (SlI) for node x over T timestamps is measuredincre-
mentally as:

X
SI(x;T) =

i=1

. jch ()
" L (Leave(j; cli (x) + Join(j; cli(x))

Sociabilit y Index: A related measureis the Sociability
Index, which is a measure of the number of di er ent inter-
actions that a node participates in. Let cli(x) be the cluster
that node x belongsto at time i. Then, the Sociabilit y Index
is de ned as:

P T MJoin(x; clis (x)) + Leave(x; cli (x)))

Sol (x) = jActivit y(X) ]

and jActivit y(x)j > M in_activ ity

where Activ ity (x) = P iT=1 (x 2 V;) indicates the number
of intervals that node x is active. The measure gives high
scoresto nodes that are involved in interactions with dif-
ferent groups. The threshold M in_activity corresponds to
the minimum number of active intervals for a node to be
considered saciable. *

Inuence Index: The inuence index of a node is a mea-
sure of the in uence this node has on others. The intuition
is that, if a large number of nodes leave or join a cluster
with high frequency when a certain node x does, it suggests
that node x has a certain positive in uence on the move-
ment of the others. Let Companions(x) represert all nodes
over all timestamps that join or leave clusters with node x.
The In uence for node x is given by:

jCompanions(x)j

It () = —Noves)

Here M oves(x) represerts the number of Join and Leave
events x participates in. Note that, this de nition by itself,
does not measure in uence, since nodes that interact and
move along with highly in uen tial nodeswill have high In-
uence scorevalues as well. Such nodes are down-weighted
accordingly as described previously[2].

lWe used a M in_activity value of 1=2 the number of time
intervals, for our experiments.



Popularit y Index: The Popularity Index of a cluster at
time interval [i; i + 1] is a measure of the number of nodes
that are attracted to it during that interval. It is de ned as:

‘ Xi , Xi ,
PI(Cl)=( Join(x;Cl)) ( Leave(x;Cl))
x=1 x=1
4. DATASETS

DBLP Dataset: We useda subsetof the DBLP bibliogra-

phy 2 to generate a co-authorship network represerting au-
thors publishing in seweral important conferencesin the eld

of Al, databasesand data mining. We choseall papers over
a 10 year period (1997-2006) that appearedin 28 key con-
ferencesspanning mainly these three areas. We converted
this data into a co-authorship graph, where each author is
represerted asa node and an edgebetweentwo authors cor-
responds to a joint publication by these two authors. We
chosethe snapshotinterval to be a year, resulting in 10 con-
secutive snapshot graphs, containing 23136nodesand 54989
edges. It has been shown that collaboration networks dis-
play many of the structural features of social networks[13,
16]. Hence, this is a good represertativ e dataset for this
study.

Wikip edia Dataset: The Wikip edia online encyclopedia
is a large collection of webpagesproviding comprehensiwe in-
formation concerning various topics. The dataset we employ
represerts the Wikip edia revision history and was obtained
from Berberich [4]. It consists of a set of webpagesas well
as links among them. It comprises of the editing history
from January 2001to Decemnber 2005. The temporal infor-
mation for the creation and deletion of nodes (pages) and
edges(links) are also provided. We chose a large subset of
the provided dataset, consisting of 779005nodes (webpages)
and 32.5M edges. We constructed snapshotsof 3 month in-
tervals, and consideredthe rst 6 snapshotsfor our analysis.

5. OPTIMIZA TIONS FOR FAST EVENT
DETECTION

The event detection proceedsin an iterativ e manner, with
every two successie snapshots analyzed to compute events
among them. So, at ead stage, we analyze the respective
clusters of T; and Ti+1 and compute events between them.
First, it isimportant to note that, sincewe will be consider-
ing only a pair of timestamps at a time, we do not needto
consider all N nodes, since many of the nodes may not be
active over the time period. Hence, for event detection be-
tweenT; and Ti+1 , we needto examine only the nodesactive
over either of the two timestamps. This greatly reducesthe
complexity of the event detection algorithm. Table 2 gives
the percertage of active nodes, for both datasets. It can be
obserwed that the percertage of active nodes for a pair of
snapshots never increasesbeyond 40% of the total number
of nodes.

To facilitate exploratory visual analysis, we need to en-
sure that event detection can be performed quickly, as the
events need to be shown to the user for further analysis.
Our detection algorithm relies on nding intersections and
unions of the cluster sets, as evident from the formulae pre-
serted in the previous section. When the number of clusters

2http://www.informatik.uni-trier.de/~ley/db/

Time # of clusters # of clusters
Stamp (DBLP) (Wikip edia)
1 869 297
2 950 1620
3 955 4783
4 865 9830
5 1057 12085
6 805 18318
7 1112
8 1166
9 1434
10 1080

Table 1. Num ber of clusters.

is large, nding these intersections and unions can be ex-
pensive even with the bit matrix operations we described
in our earlier work[2]. Finding the intersection between k;
clusters of Ti and ki+1 clusters of Ti+1 has time complex-
ity O(ki kj+1 ); For most real-world graphs, the number of
communities can be quite large (ki*kj+1 >N ). The number
of clusters obtained for each timestamp of the DBLP and
Wikip edia graphs are shown in Table 1.

To enhancethe performance of the back-end, particularly
when scaling to datasetslik e the Wikip edia data, we develop
an optimization to calculate the cluster intersection matrix
I in O(M) time, where M is the number of nodes active in
either T; or Tisa (M <=N). The ideais as follows. We rst
construct two cluster vectors (for the two timestamps con-
sidered), to represert the clusters (community) that a node
belongsto in a timestamp. We then traversethese vectors
sequertially and update the cluster intersection matrix 1, as
shown in Algorithm 1.

Algorithm 1 Intersection(C;; Ci+1 )

Input: Setof M active nodes
for m= 1to M do
cluster;[m]=cluster id that node m belongsto in times-
tamp T;
clusteri+1 [m]=cluster id that node m belongs to in
timestamp Ti+1
end for
/I Wethen traversethesecluster vectorsfrom left to right.
for m= 1to M do
if mis activein T; and Ti+1 then
| [cluster;[m]][clusteri+1 [M]] + +;
end if
end for

The cluster unions can be computed easily by taking the
sum of the cluster sizesand subtracting the intersection ob-
tained from 1.

Note that all the behavioral measuresdescribed above can
be computed incrementally. We maintain a vector in mem-
ory for eacth of the behavioral indices. As the increments are
computed for each timestamp, the corresponding values are
updated. Thus, at any given time point, one can obtain the
Index valuesin a straightforward manner. These measures
are displayed to the user as part of the node view, which
will be described in the next section.

The timing results for the event detection and index com-
putation are given in Table 2. To emphasize the savings,
we also presen the performance of our earlier implementa-
tion[2] on the Wikip edia dataset, without the above men-
tioned optimizations (see Table 3). In a nutshell the opti-
mizations are very e ectiv e and ensurethat the back-end is



DBLP Wikip edia
Time Activ e Nodes | Time Activ e Nodes | Time
stamps (secs) (secs)
1-2 0.23 0.088 0.03 0.12
2-3 0.25 0.094 0.07 0.5
3-4 0.24 0.087 0.13 1.7
4-5 0.26 0.099 0.19 45
5-6 0.27 0.091 0.22 11.15
6-7 0.29 0.096
7-8 0.34 0.12
8-9 0.41 0.14
9-10 0.40 0.14

Table 2: Computation Times for the Back End.

Time Old[2] Optimized
stamps (secs) (secs)
1-2 10.25 0.12
2-3 90.92 0.5
3-4 704.93 1.7
4-5 2256.34 4.5
5-6 5016.52 11.15

Table 3: Computation Time Comparison.

signi cantly faster than beforeand is within very reasonable
limits given the scale of the data being operated on.

6. VISUAL ANALYSIS

In this section, we highlight the key components of the in-
terface along with asscaiated user interaction features. We
also motiv ate the bene ts of these components with respect
to the overall goal of knowledge extraction from evolving
graphs. The key componerts of the toolkit are:

Data Loader: This componert is used for reading the in-
put data and label les. The data to be read is in the form
of temporal snapshot graphs, as we described in Section 3.
Each graph corresponds to onetime step and is stored in an
edge le format. Additionally , a label le is read which as-
saciates eath node in the graph with a unique identi er and
name, if available. If clusters are already available, then
we provide an option to read in the cluster le as well. If
not, clustering can be performed online. We provide options
for kMetis or MCL clustering. Once the data is read, pre-
processingis done to create the cluster vectors (described in
the previous section) for the rst two timestamps.

View Mo de Selector: Once the data is ready, the user
selectsone of the four supported views and the relevant parts
of the interface get activated. Before detailing the views, we
describe our hierarchical represertation.

Coarsening:  To visualize large graphs on the screen, we
chooseto coarsenthe graphs, using the cluster information

to construct multi-level hierarchies of nodes This facilitates

easyvisual interpretation, sinceit provides the userthe abil-
ity to identify and drill down to sections of interest in the
graph. The graph is initially clustered to produce base clus-
ters 3. These clusters are then further clustered internally

by our coarseningalgorithm into multiple levels. The kMetis

algorithm is used for performing clustering. Each level con-
sists of a graph of supernodes, each of which represens a
cluster of lower-level nodes. At the lowest level in the hi-
erarchy, we have the nodes and edgesof the graph. Before
coarsening, a new edge le is created by transferring edges
between nodes of di eren t clusters to the corresponding su-

3If cluster le is already presert, we useit

w
1 LEVEL: 2

DOWN.

Node Search

Figure 2: Illustration  of coarsened high-lev el view. A
region can be selected to drill down.

pernodes represerting these clusters. This edge le is used
by kMetis to obtain the higher level supernodes. The useris
initially provided with a high level view in the form of con-
nected supernodes, represerting di erent regions, as shown
in Fig 2. The physical sizesof the supernodesin the inter-
face re ect the sizesof the cluster they represert. Clusters
that contain a large number of nodes can thus be di eren ti-
ated from singleton clusters with ease.Dynamic behavioral
information about the nodesand clusters are also provided,
as we will describe below. At any level, the user can se-
lect one or a group of interesting supernodesto drill down
and visualize the corresponding section of the original graph.

Graph View{ In this view, the entire dynamic network
is displayed as a graph. As mentioned above, the graph is
preserted as a multi-lev el hierarchy. The bottom-most level
represerts the graph itself in the form of nodes and edges.
The level immediately above represerts supernodes, where
ead node is a cluster of the lowest-level nodes. Each su-
pernode in this level is labeled with the Popularity Index
value of the cluster it corresponds to. It is also color-coded
to re ect the strength of the Popularity Index values. The
user can selectan interesting set of clusters, and descendto
the lower level to visualize the nodes in question. In our
implementation, the sequenceof colors for nodes (from low
weight to high weight) is Dark Yellow, Light Yellow, Light
Green, Dark Green. Similarly, for edgesthe sequences Dark
Red, Light Red, Light Blue, Dark Blue. The progression of
colors for nodesand edgesis shown in the bottom right cor-
ner of the visual interface. At the lowest level, properties
of nodes - scciability, stability and in uenc e are computed
as described in Section 3 to assign a weight. Finally, the
weights are normalized between [0,1] and are mapped to a
color which is then usedto render the graphs. We also pro-
vide a facility for multi-w eighting a node, where we compute
the weight taking into accourt two of these behavioral mea-
sures. This is bene cial for discovering correlations among
properties of nodes. The relative importance of ead edge
is primarily captured by its temporal stability, i.e., for how
many consecutiv e time steps that particular edgeis ob-
sernved. Note that, the importance of an edge (interaction)

in terms of these measurescan be determined basedon the
nodes involved. For instance, the stability of the edgecan



Figure 3: Event View for Wikip edia

be represerted as the product of the stabilit y indices of the
two nodesi.e SI(x;y;T) = SI(x;T) Sl(y;T). Moreover,
to give lessimportance to old edges(which are not obserned
recerily), we use dierent line styles. For example, if an
edge also occurred in the previous time stamp, we use a
dashedline to represert temporal stability. Edgesthat were
not obsered recertly are represenied by a straight line.

Comm unit y View{ This view displays various clusters or
communities presert in the network. Once the user selects
this view, the system preserts the user with the clusters
that the nodes belong to. The membership of nodesto the
clusters are taken into accourt by using the same color and
same marker for rendering.

Event View{ The event view is designedto provide infor-
mation regarding transformations that occur in the graph
over time. This view displays a set of all critical events that
occur betweenthe current and previous intervals. The user
can choose di erent time intervals and obsene the events
that transpire amongthem. Figure 3 shows the set of events
between clusters of timestamps 2 and 3. At the top of the
GUI, there are three bars a, b and k which correspond to
the , and parameters for the event detection algorithm
described earlier. The user can vary these parameters and
examine the critical events obtained. In the middle of the
screen,the GUI provides a list of all critical events observed.
The user can select one of these events, which provides de-
tails on the nodes and clusters involved. We presert an
example of a Merge and a Split event in the Case Study sec-
tion. The detailed represertation of the event is visualized
on the screengiving the user a represertation of the nodes
involved and the change that has occurred. For the Merge
and Split events in the Event View, we also provide a Se-
mantic Similarity ranking. This is of use for graphs that
have assaiated category or term hierarchy information. To
begin with, the Information Content (IC) of a term (cate-
gory or keyword-set), using Resnik's de nition [19], is given
as:
F (ki)
F (root)

where k; represerts a term and F (ki) is the frequency of
encourtering that particular term over all the entire corpus.
Here, F (root) is the frequency of the root term of the hi-

IC(ki)= In

erarchy. Note that frequency count of a term includes the
frequency counts of all subsumed terms in an is-a hierar-
chy. Also note that terms with smaller frequency counts
will therefore have higher information content values (i.e.
more informativ €). Using the above de nition, the Seman-
tic Similarity (SS) between two terms (categories) can be
computed as follows:

SS(kisky) = 1 Cles(kisky )

where Ics(ki; k;) refers to the lowest common subsumer of
terms k; and kj. To de ne the semartic similarity between
two clusters, one can employ an information theoretic mu-
tual information measure. Given probabilities of terms m
and n occurring in a cluster as p(m) and p(n) respectively,
and their co-occurrence probability p(mn), the Semartic
Mutual Information (SMI) betweenthe two clusters C? and
CP can be given as:

a b

SM1(C?:CP) = p(mn)

m=1 n=1

SS(m;n) p(mn) loga yb

However, while this measure accurately captures similari-
ties, it is not very scalable for graphs with large category
hierarchies, due to the amount of computation required and
memory consumed. In these cases,the semartic similarity
betweentwo clusters can be computed as:

P m=1 P n=1
) SS(m; n
I nter _SS(C?;CP) = —& kzb kb o

Note that, the semartic similarit y valuesbetweenterms are
pre-computed, while computing the Inter_SS() of clusters or
local neighborhoods is scalable.* Clusters with high values
of Inter_SS(), can be expected to contain authors or web-
pageswith similar topics and thus merge events that com-
prise of such clusters are sematrtically meaningful (Semartic
Merges). Hence, the Merge events are ranked in decreasing
order of the Inter_SS() of the merging clusters. For the Split
events, we compute the Inter_SS() of the split clusters. We
will illustrate both typesof Semartic events in the next sec-
tion. Note that our toolkit can output Semartic Similarity
scoresfor clusters (not shown).

No de View{ All the above-mertioned views deal with global
properties of the network. The node view preserts the user
with localized information. Once the user chooses node
view, the toolkit provides a list of nodesranked in decreas-
ing order of the properties available (sociabilit y, stabilit y and
in uence). The user can then select a node from the node
list for further obsenation. This prompts the correspond-
ing neighborhood graphs of that particular node over time
to be displayed to the user. The displayed graphs includes
the chosennode and its neighborhoods over time. One can
gain insight into changesoccurring in the neighborhoods of
the selectednode. For instance, in the caseof in uence, one
can identify spheresof in uence for a node over time. We
will demonstrate the bene ts of the node view in the case
studies in the next section.

Zoom Filters: As the name suggests.this feature is usedto
zoom into certain sectionsof the graph. The user can select
the area of interest by drawing a rectangle using the mouse.

4Also, note that these operations are performed only on
merge and split events detected.

p(m) p(n)



The selected part is then zoomed into and displayed. It is
also possibleto zoom out to a lower resolution. Figure 4(a)-
(b) demonstrates the zoom feature on the DBLP dataset.
The zoom feature can be used multiple times to increasethe
resolution.

Time Bro wser: This functionalit y is used to obsene the
network acrosstime. This provides the user the capability
to detect time instants when graph topology has changed
considerably. The Back and Forward buttons at the bottom
of the GUI can be used by the user to control the time,
moving through the dierent time intervals.

Keyw ord Search: In many cases, one is interested in
seardiing for particular nodes[12] and their evolution over
time. As we described above, we use a multi-lev el hierarchy
of supernodes to visualize sections of the graph. We also
store a multi-lev el index that allows the querying and ex-
traction of specic nodes of interest. If one is interested in
a particular node and its behavior, we can extract the exact
location of the node and visualize the corresponding section
of the graph.

Ev olution of Neigh borho ods: Wealsoprovide the option
of visualizing the evolution of node neighborhoods. When
the user is preserted with a view of a region of the graph,
she has the option of selecting a particular set of nodes or
communities and viewing the evolution of the neighborhoods
of these nodes over time. Once a region is chosen, we track
the neighborhoods of all nodesin that region over time.

Comm unit y-driv en Layout: An integral component of
our visual framework is the layout component. Once we
have a set of nodes and edgesto render on the screen,we
need to map them to suitable coordinates that represen
the relationships that exist among them. As a rst step
we leveragedthe Graphviz(http://www.graph viz.org/) lay-
out tool to obtain coordinates. However, since the graph
is dynamically ewvolving, we observed that directly employ-
ing Graphviz led to a lossin visual correspondenceof nodes
and more importantly communities acrosstimesteps. Re-
solving this problem is not straightforward since nodes and
edgesmay not be active at all time points. To handle this
correspondence problem, we compute a novel community-
driven layout scheme. The certral idea is to ensure that
communities that overlap acrosstime steps are laid out in
corresponding regions in consecutive time steps, thus main-
taining relativ ely stable coordinates over time. The heuris-
tic procedure we adopt involvesidentifying the most stable
communities (using the Continue and Stability computa-
tions described earlier) and suitably ensuring that global
coordinates for such communities from their formation un-
til they change drastically, remain consistert. This leadsto
the desirable property of visual correspondence acrosstime
stamps. Note however that individual nodes that join or
leave communities are moved around based on their behav-
ior, as are communities that change signi cantly.

7. CASE STUDIES: VISUAL ANALYSIS
7.1 DBLP Bibliography Dataset

In this casestudy, we demonstrate the e ectiv enessof our
toolkit for visual data analysis on the DBLP dataset. Our
tool provides us with a list of authors ranked by behavioral
attributes such as Sociability and Inuence, as described

previously. Our tool also allows one to combine informa-
tion from multiple metrics by specifying an ane combi-
nation of these values (menu-driv en option not shown). For
this study, we choseDr RakeshAgrawal, who unsurprisingly
ranks highly on both sociability and in uence (seeFig 5).
We equally weighted the contribution of ead index.

Upon inspection, one can seethat the neighborhoods for
Dr Agrawal di er signicantly betweensuccessie snapshots
From 1997to 2002, one can make out the progressionin his
sociability and in uence index, as conveyed by the grada-
tion of the color of the node represerting him °. After 2002,
however, many of his neighbors (collaborators) remain fairly
consistert, the sociabilit y index is lower but the in uence, of
collecting more neighbors in the cluster heis in balancesthis
out very nicely. This correlates with his interests shifting to
the focusedarea of privacy preserving data mining and trust
and security applications of databases. His collaborators in
the last few timestamps shown are primarily from this area
and this area has also taken o very nicely since Agrawal
and Srikant's seminal paper in the areain 2001.

Also, one can readily seethat 3 nodesin particular ap-
pear quite frequently, namely R. Srikant, R. Bayardo and
J Kiernan (after 2001) represerted by dashed edges. These
are someof Agrawal's frequent collaborators. Another inter-
esting trend is that the graph alsoidenti es quite naturally
collaborators of Agrawal's who have a high scciability and
in uence index (i.e. Christos Faloutsos, Gerhard Weikum,
Dimitrios Gunopulos, Johannes Gehrke, Prabhakar Ragha-
van, and Surajit Chaudhary).

7.2 Wikipedia webgraph

In the next case study, we analyze the Wikip edia web-

graph. In particular, we demonstrate the use of Semartic
analysis with event detection. In the event view, the toolkit
provides us with a list of di eren t events. As we mentioned
in the previous section, we have the facility of ranking the
Merge and Split events in terms of semartic meaningfulness.
First, we will considera Semantic Mergeevent, that had the
highest Semartic Similarit y, shown in in Figure 6(a). In the
rst snapshot, there are 2 clusters of size5 and 11, that have
considerable semartic similarit y, as can be ascertained from
the labels. The clusters deal with Logic and Philosophy and
the Merge event is thus justi ably meaningful. The merged
cluster is shown on the right.
For a Split event, one would expect the two split clusters to
be semartically dissimilar. While, this is mostly true, there
can be occurrenceswhere interesting minute di erences can
causeclusters to split up. Thesekind of Split events can in-
dicate subtle changesacrosssnapshots,where a cluster splits
into two parts due to a small semartic di erence among the
assaiated categories. These splits can be interesting asthey
can reveal di erences that may not be obvious. This can be
consideredakin to drilling down a hierarchy to discover sub-
tle specializations of a category. Wecan nd such interesting
occurrencesby considering split clusters with low Inter_SS().
An example of such a Split event is shown in Figure 6(b).
As can be obsered, the original cluster which deals with
the Berlin Wall, splits into two clusters on East and West
Berlin respectively. Understandably, thesetwo split clusters
had reasonably high Semartic Similarit y values.

5In 1997this valueis low simply becausethis is the rst data
point in the dataset we use{ an artifact of the experiment.



Figure 4: Zoom feature

Figure 5: Node View : Neigh borho od of R. Agra wal (weighted by Sociabilit y & Inuence Index)

Figure 6: Examples of a) Merge Event b) Split Event



8. CONCLUSIONS

We have preserted a toolkit for visualizing and analyzing
dynamic interaction graphs. Our toolkit provides multiple
views of the data and is designedto incorporate features for
multi-scale and multi-resolution analysis and supports the
overview, zoom, lter and details{on{demand paradigm.

We have shown how the toolkit can be employed for esti-
mating interesting behavioral properties of nodes and com-
munities in the graph, such as stability and in uence. The
node view also allows one to visualize trends in these prop-
erties over time. Additionally , the graph and event views
permit us to discover and characterize speci ¢ changesthat
occur, with respect to other nodes and communities. We
have showvn how the incorporation of semartic content can
aid evaluation and ranking of events discovered. Our novel

communit y-driv enlayout componert can aid exploratory anal-

ysis and handle the correspondenceproblem in plotting trends
of nodesand communities over time.

To ensure scalability to large graphs, we have preserted
optimizations that can provide speedup and facilitate inter-
active visual analysis. The toolkit also supports visualizing
the cumulativ e graphs with di eren t scoring mechanisms to
assigncolor to ead edgeand node. The coloring scheme cap-
tures behavioral properties and provides useful visual cues
to discoverimportant and interesting parts of the graph. We
have showvn how the toolkit can perform visual analysis by
taking into accourt the evolution of nodesand communities
as well as key events over time. Using illustrations on the
DBLP and Wikip edia datasets, we have shovn how the in-
teractiv e features aid the userin answering common queries
about dynamic networks in an e ectiv eand e cien t manner.

As part of ongoing work we are currently investigating the
use of pivot-based algorithms[21] to further enhancethe vi-
sual correspondenceof communities acrosstimesteps, while
also improving the scalability of the layout process. We
are also looking to incorporate the dense subgraph visu-
alization algorithms from our above-mertioned work into
the toolkit. To further improve scalability of the semartic
similarit y computations, we will leverage min-wise hashing
methods [5].
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