GraphAEL Graph Animations with Evolving Layouts?

(System Demo)

C. Erten, P. J. Harding, S. G. Kobourov, K. Wampler, and G. Yee

Department of Computer Science
Univ ersity of Arizona
f cesim,harding,kobourov,wam pler k,gye eg@s.ar izon a.edu

Abstract.  GraphAElextracts three typesof evolving graphs from the Graph Draw-
ing literature and creates 2D and 3D animations of the evolutions. We study cita-
tion graphs, topic graphs, and collaboration graphs. We also create di erence graphs
which capture the nature of change betweentwo given time periods. GraphAELcan
be accessedonline at http://graphael.cs.arizona.edu

1 Intro duction

While static graphs arise in many applications, dynamic processesgive rise to graphs
that ewlve through time. Sudc dynamic processesan be found in software engineering,
internet/telecommunications tra ¢, and social networks, among others. Typically, the un-
derlying graph structures are large, and depending on the time-granularity, may cortain
from a few to a large number of timeslices. The graph represerting a particular timeslice
may cortain fewer/more vertices/edgesthan the onerepreserting the previoustimeslice, or
it may dier in someother graph attributes, suc asnode-weights, edge-veights, or labels.

We describe algorithms and techniquesfor visualization of dynamic graph processesus-
ing the ewolution of the graph drawing literature asan exampleof such a process.GraphAEL
is composedof three distinct componerts:

1. arelational databasethat storesand catalogsthe data;
2. a graphical userinterface (GUI) for querying the databaseand for graph creation;
3. atoolkit for interactive visualization of the resulting graphs.

We built a MySQL database and populated it with all the papers from the graph
drawing proceedingsin the period 1994-02.The databasecan be queried online via a GUI.
In addition to standard queriesand responses,we can generategraphsthat evolve through
time. In particular, we generate citation graphs co-authorship graphs and topic graphs
at varying time-granularity. Each of these types comesin two avors, individual graphs
and cumulative graphs To study the underlying graph processeswe also extract di er ence
graphswhich facilitate visual discovery of new trends and patterns. The ewolution of the
underlying graphs and the di erence graphscan be studied via 2D and 3D animations.

2 Related Work

The visualization techniques for graphs that ewlve through time are related to previous
work in dynamic graph visualization. A number of papersusemodi cations of static graph
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drawing algorithms [4, 13,19]. Incremertal graph drawing is usedin DynaDag [18]. Bayesian
decision theory, together with a force-directed method are usedin [3] to model dynamic
graphs. Sequencef graphs are consideredin [7] in order to create smoother transitions.
Special classesof graphs suc astrees, series-parallelgraphs and st-graphs have also been
studied in dynamic models [5, 16].

More recertly, seweral papers considerlarger graphs that ewolve through time. In [2] a
systemfor visualizing network ewolution is preseried, in which eat modi cation is shavn
in a separatelayer of 3D represenation with verticescommonto two layersrepreserted as
columns connecting the layers. Along theselines, Collberg et al [6] describe a graph-based
system for visualization of software ewolution, which usesa modi cation a force-directed
algorithm for visualization of large graphs[10]. Using a preliminary versionof our systemwe
analyzedthe ACM digital library database,focusingon collaboration graphs and category
graphs but the lack of citation data prevented us from extracting citation graphs|8].

3 The Relational Database

We gathered data about the graph drawing community, more speci cally the nine years
of published proceedingsfrom the International Symposium on Graph Drawing. This data
camefrom three sources:an XML le with information from the DBLP Computer Science
Bibliography, a GML le usedin the 2001 graph drawing cortest [1], and the proceedings
themselves.We designeda schemathat mapsthe data to all necessaryrelations for creation
of collaboration, topic, and citations graphs; seeFig. 1. The database stchema consists
of sewen tables storing information about articles, authors, proceedings,and publishers.
Rectanglesrepresen entities, circles represent attributes, and diamonds represen binary
relationships. The primary key for eat ertity is underlined. Each relationship is also
subscriptedto in oder to indicate whether the two ertities sharea one-to-one,one-to-mary,
or many-to-many relationship.
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Fig. 1. The bibliographicaldatabaseschemain ExtendedEntity-Relationshipformat.
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We usedMySQL version4.0.12,a powerful open-sourcedatabasesystem,to implement
this schema. The XML le obtained from DBLP cortains bibliographical information for
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Fig. 2. The GraphicalUser Interface, shavn heredisplaying a GML le.

every paper published in the GD proceedings.lt doesnot, however, cortain citation infor-
mation. We built an XML parserto extract the relevant bibliographical data from DBLP.
The citation data for the period 1994-00was gathered from the the 2001 graph drawing
contest GML le. Citation data for 2001and 2002,was manually entered directly from the
proceedings.We intend to update the databasewith new ertries from the latest proceed-
ings of the symposium on graph drawing, on an yearly basis. The databasecan be accessed
and queried online at http://graphael .cs .ari zona. edu.

4 Graphical User Interface

To interact with the databasewe created a graphical user interface; seeFig. 2. The GUI,
written in Java, is available as both a web-basedJava applet and a downloadable Java
application. The applet version makes use of a PHP script as a servlet to maintain the
security of the databaseserver. The GUI allows usersto query general dataset statistics,
seard for speci ¢ authors and papers,and query citation data by referencerand referencee.
In addition, userscan generatecollaboration, topic, and citation graphson the y in the
form of GML les with varying time-granularity. The applet opensa new browserwindow
displaying the GML le, which can be saved locally. All of these queriescan be limited in
scope by date and the amount of results requested.

The top panel of the GUI contains buttons that allow the userto changethe querying
parameters. The left panel of the GUI cortains buttons represerting the di erent typesof



results and GML les that can be obtained. The 'Go' button, activates a servlet that will
then query the databaselocated on the sener. The serer returns the results to the servlet
which then handsthem to the applet where they are displayed. The following queriesare
supported by the GUI:

Database Statistics: lists data statistics, including number of article and authors;
General Query: allows for seard by author name, or title words;

Co-authorship GML: createsa co-authorship graph, for the given parameters;
ReferencerSeard: nds all papersthat referencesa particular paper;
ReferenceeSeard: nds all papersthat are referencedfrom a particular paper;
Citation GML: createsa citation graph, for the given parameters;

Topic Graph GML: createsa topic graph, for the given parameters;

Top X Lists: lists the most productive authors, most collaborativ e authors, etc.;
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While many of our results are obtained by directly querying the database, some of
our more complex queries and the generation of GML les require the use of additional
programs. These are written in lcon.

5 Interactiv e Visualization of Evolving Graphs

GraphAELcalculatesthe layout for ewolving graphs quickly. The underlying graph drawing
algorithm is a modi cation of the GRIPalgorithm [10,11]. Givena graph G = (V;E), GRIP
computesa hierarchical sequenceof vertex lItrations given by a sequenceof m subsetsof
V. Let Vi, V; betwo ltrations sud that i < j, thenV; V; and Vi, = V. The graphs
de ned by this Itration sequenceare laid out in order, with the layout of the graph at
ead level i providing a basisto guide the layout of the graph at level i + 1. In this way
large-scalestructures of the graph are quickly captured by the lItration levels with low
indices, and the small-scaledetails are re ned in the layout of the levelswith high indices.

The layout of eadh Itration levelis calculatedwith the force-directedplacemen method
of Kamada-Kawai [14]. For a vertex v in G, the displacemen of v is calculated by:

X kpodu] pogv]k?

distg(u;v)2 edgelLength? (podu]  podv])

Frk(v) =
u2N;(v)
This equation is conveniert becauset calculatesthe displacemen on eat vertex based
only uponits physical and graph distancesfrom other verticesin the graph. Sincein general,
verticesin a particular Itration level are not adjacert to any other vertex in the level, but
are instead connectedto other verticesin the higher levels through a sequenceof edges,
using graph distancesis a reasonableapproac. Only in the last level of of Itration does
the adjacencymake sense sincethe last level is the sameasthe initial graph. Thus at this
level, it is possibleto useforce directed placemen methods which depend on a notion of
adjacency The Fruchterman-Reingold method [9] is for calculating the displacemernt of a
vertex v, Fer(V) = Farr + Frrr, Where the attractiv e and repulsive force vectors are
given by:
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5.1 GraphAElLs Layout Algorithm

While GRIPdoes a decen job of laying out large static graphs, there is no appropriate
mechanism to assignthe vertices and edgesof a graph attributes, suc as weights, which
might a ect the layout. This is a major drawbadk in visualizing certain relations and even
more soin visualizing ewolving graphs. For instance, in visualizing the GD citation graph,
it is useful to have a notion of both the weight of a vertex, (which might represen the
number of times a paper is cited), and a temporal notion (which might represen the year
the paper was written). In contrast, GraphAELsupports the layout of graphs with node-
weights and edge-veights, as well as the notion of a timeslice which is usedto visualize
graphswith a temporal componert (evolving graphs).

GraphAELtries to place heavy nodeswell away from ead other and to place vertices
connected by heavy edges,closerto ead other. Appropriate modi cations to the force-
directed algorithm were madeto accommalate these characteristics. Each edgein a graph
is given an ideal length that it will attempt to attain, although this is not always possible.
An edgee of weight we connecting vertices u; v of weight w,; w, respectively is given an
ideal length of P W, Wy =We.

Since the Kamada-Kawai method is usedto determine parts of the layout, it is nec-
essaryto come up with a modi ed graph distance for weighted graphs. Becauseof the
computational or spacerequiremerts of calculating the e ects of all paths between two
vertices, or of computing the shortest weighted path betweenthem, GraphAELusesan ap-

in G connecting two vertices, u and v. The modi ed Kamada-Kawai vector is given by

Fkk (V) =

X 2kpoqu] pogv]k?
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where optDist g (u; v) is de ned by:

X pWPi Wpi 1,

optDistg (u; V) =

i=2 Wepipi 1

To achieve an aesthetically pleasinglayout of the graph, it is also necessaryto modify
the Fruchterman-Reingold vectors. As in GRIP the Kamada-Kawai calculation results in a
good approximate layout sothat the Fruchterman-Reingold calculations can quickly "tidy
up" the layout. The modi cations neededto support weighted graphs with the ideal edge
lengths described earlier are simple:
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5.2 Timeslices and Animation

To visualize a series of graphs, embodying the ewlution of a set of relationships over
time, we assaiate another attribute, called a timeslice, with ead vertex. The timeslice
of a vertex is simply a label assa@iated with a vertex. We use the timeslice attribute to
partition the vertices of a graph into groups by time. Sewral simple modi cations to the
layout algorithm are neededto accommalate timeslice information. Repulsive forcesshould
only exist betweenvertices in the sametimeslice, and thus the optimal distance between
verticesin di erent timesliceswhich are connectedby an edgeis zero.In the Kamada-Kawai
vectors, the only alteration required is that the the function optDist ¢ (u;v) be rede ned
sothat for two vertices u; v with timeslice indices of t, and t, respectively:

p___
optDiste(U;v) = i, —ou W
We
where ¢, is 1if t, = ty and 0 otherwise. The madi cations neededfor the Fruchterman-
Reingold calculations are similar. Repulsive forcesare simply eliminated between vertices
in dierent timeslices,F;.wtrr = t,t, Frw:rr While the attractiv e forcesremain un-
changed,F aw:tF R = FawiFr.

The timeslice information alone is not enoughto nicely layout ewolving graphs; it is
alsoto necessaryarrange edgesbetweenthe timeslicessothat the resulting layouts can be
usedfor animation. Perhapsthe most straightforward and common caseis when one hasa
seriesof \snapshots" of a graph taken at someinterval over a period of time. When laying
out such a graph there are normally two typesof constraints which needto be met: Each
timeslice should have a pleasinglayout, and the layout of consecutive timeslices should be
similar, that is, the mental map should be presened. Another way of formulating this latter
constraint is that vertices on one timeslice should tend toward their positions in adjacert
timeslices. To meet these constraints the timeslices are combined into a single graph and
edgesare added betweenvertices with the samelabelsin adjacert timeslices.

Since vertices in di erent timeslices have no repulsive forces betweenthem (but the
edgeshetweenthem retain their attractiv e forces)theseadditional edgesattract ead vertex
toward the vertices assaiated with it in adjacert timeslices. The trade-o betweenlayout
within a timeslice and mental map presenation can easily be adjusted by altering the
weights of the inter-timeslice edges Heavier weights leadto better mertal map presenation
and lighter weights improvesthe layout of ead timeslice. For the visualization of the graphs
in this paper the weight of an inter-timeslice edge connecting two vertices of weights w,,
and w, is given a weight of (w, + wy)=2, causing heavier vertices to stay in the same
position over multiple timeslices.

One disadvantage of this method of adding edgesis that although the movemerns of a
vertex from onetimeslice to the next are minimized, it is still possiblethat over a span of
many timeslices vertices will drift far from their initial positions. If this is an undesirable
e ect it canbe prevented by adding additional edgesbetweenverticesin distant timeslices.
A straight-forward approad is to create a clique of all the occurrencesof ead vertex over
all timeslices. GraphAELhas both options implemented.

Once the layout of the ewlving graph has been computed, seweral visualization op-
tions can be used. A static view, capturing all timeslices can be displayed. Each timeslice
can be restricted to its own 2D plane or can be drawn in 3D and the individual graphs
arranged on top of eadh other. Edgesconnecting di erent timeslices can be shown or hid-
den. Alternativ ely, the ewolution can be shown via an animation between the timeslices
in 2D or 3D. The animation usesan interpolation between timeslices and fading in/out
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Fig. 3. Top left: cumulative citation graph for the period 1994-02.Bottom Left: view of the area
enclosedin the red rectanglefrom top left. Righ t: Labeledverticesin a \symmetry" cluster. Directed
edgesgo from light/source to dark/target. The color of the nodes coresponds to the yea it was
published:the lighter the node, the older the paper.

of appearing/disappearing vertices and edges.Edge and vertex coloring is usedto corvey
additional information. For example,in the citation graphswe indicate the direction of an
edgeby gradually varying the color from light(source) to dark(target) and the vertex color
indicates the relative age of a particular paper.

Finally, GraphAELcan generate and display dier ence graphs The dierence graph
betweentwo adjacert timeslicescapturesthe di erence betweenthe two underlying graphs.
For example, when visualizing the topic graph we may miss signi cant growth in an area
with a few papers if the corresponding vertices are relatively small. With this in mind,
the di erence graph capturesthe percertage change betweenlevels. We create a seriesof
di erence graphsand at it is an ewolving graph we can useall the tools for ewvolving graphs.

6 Interactiv e Visualization of the Graph Drawing Literature

In this section we consider three types of ewlving graphs extracted from the MySQL
database:citation graphs,topic graphs, and collaboration graphs. We also calculated some
generalstatistics about the data and we include gnuplot charts and tables for the data in
the Appendix.

6.1 Citation Graphs

The citation graph for a given time period is a simple vertex-weighted directed graph in
which the vertices correspond to distinct articles. A directed edge connectstwo articles,
with the article that cites asthe sourceand the cited article asthe target. The weight of a
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Fig. 4. Individual topic graphsfor the period 1994-02, restricted to the top 20 title words, shown in
timeslicesof 3 consecutiveyeas each: 1994-96on the bottom, 1997-99in the middle, and 2000-2002
on the top. On the left are all the labeled nodesin eachtimeslice with invisible edges.

vertex is determined by the number of citations an article received, divided by the number
of yearssinceits publication. The citation graphs can reveal information about in uen tial

papersin the eld, and their relation with the rest of the graph. Fig 3 shows seweral views
of the citation graph. The sizeof a vertex re ects its weight, i.e. a large vertex corresponds
to an article that is cited many times relative to its age. The vertex color indicates the age
of the article, the darker a vertex the more recert the corresponding article is. The edge
color changesfrom yellow to blue to indicate direction, where the blue end of the edgeis
the target vertex.

6.2 Topic Graphs

The topic graph for a given time period is a simple vertex-weighted and edge-veighted
undirected graph in which vertices correspond to title words and edgesare placed between
titte words that co-occur in researd papers. The weight of a vertex in the topic graph
is proportional to the number of papers that corntain the corresponding word in their
tittes. Similarly, the edge weight is proportional to the number of papers in which the



Fig. 5. The three graphson the left represent2D viewsof eachtimeslice from Fig. 4. The two graphs
on the right representthe individualdi erence graphs capturing the changefrom 1994-96to 1997-99
(bottom) and 1997-99to 2000-02(top). Dark nodesindicate growth and light nodesindicate decline.
Note the percentageincreasein \large" and declinein \interactive".

two corresponding words co-occur in the title. Topic graphs can reveal information about
related topics, the concerration of researh on a specic topic and the trends as they
ewlve through time. Fig. 4 corntains se\eral visualizations of the topic graph. The edges
connecting sameverticesin adjacert timesliceshelp with mental map presenation and are
usedto determine the vertex locations in the animation betweentimeslices.

We also construct topic di er ence graphsin which the weight of a vertex is the percen-
ageof its weight changebetweenadjacert timeslices.The edgeweight is proportional to the
corresponding percert-change betweentwo time periods. Together with the topic graphs,
the topic-change graphs can be e ectiv ely usedto visualize the ewolution of GD researd
focusthrough time. Fig. 5 shaws the topic-changegraph corresponding to the topic graph
in Fig. 4.



Fig. 6. Screenshotdrom the animation of the cumulative collaboration graph in the period 1994-02.
Each timeslice representsa one yea period. A movie of the actual animation can be seenat the
GraphAELwebpage.

6.3 Collab oration Graphs

Collaboration graphs are simple undirected node-weighted and edgeweighted graphs. Ver-
tices represen unique authors and there is an edgebetweentwo vertices if the respective
authors have collaborated on a researd paper. The weight of a vertex is determined by the
author's collaborativenessand productivit y. The weight of an edgerepreserts the strength
of the collaborativ e ties betweentwo authors. Fig 6 shows the ewolution of the cumulative
collaboration graph, i.e., eadh timeslice addsto the previoustimeslice. Once an interesting
timeslice to be viewed is found it is easyto get a detailed visualization of that specic
timeslice. For example, Fig 7 shaws the collaboration graph for the period 1994-97.For a
more detailed view we zoom in one of the areaswhere there is a concerration of seweral
well-connectedcomponerts.
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Fig. 7. Top left: collaboration graphfor the period 1994-97.Bottom Left: view of the areaenclosed
in the red rectanglefrom top left. Righ t: closerview with more details.

6.4 Statistical of the Graph Drawing Literature

We comparedthe data from the GD database,with the data from two computer science
databasesthe ACM database[8] and the NCSTRL database[17]. Table 1 shovsa summary
of the overall statistics and they are examinedin the detail in the appendix.
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App endix A

Authors per Paper In mathematics, the average number of authors per paper has
increasedfrom about 1 per paper in 1935to0 about 1.5in 1995[12]. Averagesin medicine
and physics are often higher, about 9 collaborators per paper [17]. The number of authors
per paper in GD is comparableto that in ACM; seeFig. 8.

Size of Giant Comp onent In the theory of random graphsit is known that increasing
the density of the edgesleadsto the formation of a giant connected componert. While
the size of the giant componert in a typical scierti ¢ collaboration graph is 80%-90%the
number seemgo be much smaller for the computing literature [17]. Our GD data indicates
that the size of the giant connectedcomponert is about 49%. In other words, about half
of the authors in the GD databaseare connectedvia a path of co-authors.

Av erage and Maxim um Distances Wecanalso nd the shortest path from one author
to another in the co-authorship graph. This information is usefulin the sensehat it creates
a chain of referencesof intermediate sciertists through whom contact betweentwo authors
may be established[15]. The averageand maximum distancesfor the GD databaseseem
to be much smaller than the other computer sciencedatabases,most likely becauseof the
small size of the GD dataset.

Clustering Coecien t A useful measurefor the strength of the ties betweenauthors is
the clustering coe cien t. Let N, denotethe set of neighbors of vertex u in the collaboration
graph and let Ey, be the setof edgese sud that both of the verticesincident to e arein
Ny. The clustering coe cien t for u is de ned as:

JEN.]
jNuj  (Nuj 1)
In other words, the clustering coe cien t of u tells us how collaborative the co-authors

of u are among themselwes. We have found that the averageclustering coe cien t for the
collaboration graph is 0.60, which is comparable with the clustering coe cien t of the

Cuh=2

ACM Average ——
GD Average —x—

Number of papers.

L L L L L L L L 2 L L L L
9 95 9% 97 %8 9% 00 o1 02 1992 1994 1996 1998 2000 2002

Fig. 8. Left: Cumulative number of conferencepapers for 1994-02 with the number of papers each
yea in the inset. Right: averagenumber of authors per paper per yea for GD and ACM.



[Name [Num. of pap ers]
Liotta, Giuseppe 23
Eades, Peter 23
Mutzel, Petra 19
Battista, Giuseppe Di 17
Tollis, loannis G. 15
Junger, Michael 15
Tamassia, Roberto 13
Kaufmann, Michael 12
Didimo, Walter 12
Whitesides, Sue 12

[Name [Num. of co-authors |
Liotta, Giuseppe 35
Mutzel, Petra 28
Whitesides, Sue 26
Battista, Giuseppe Di 25
Junger, Michael 23
Eades, Peter 21
Wood, David R. 18
Brandes, Ulrik 18
Marks, Joe 17
Gutwenger, Carsten 17

Table 2. Authors with highest number of papers and collaborators.

other databases.This indicates that the tendency to form strongly tied computing re-
seard groupsis as high asin other researt areas,despite the relatively small size of the

giant connectedcomponert.

Num ber of Papers and Collab orators The averagenumber of papers per author is
2.09, while the averagenumber of collaborators is nearly double at 3.74. Table 2 shows the
most productive and most collaborativ e authors.

Popular Title Words Parsingthe paper titles allows us to look for \buzzwords" in the
dierent years. Fig. 9 shawvs the most popular four words (as percert of the total) used
ead year starting in 1994, not including words suc as for, the and the two most popular
words graph and drawing. \In teractive" seemgo have beenpopular in 1997and 1998, while
\orthogonal”, and \algorithms" are consisterily popular.
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