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ABSTRACT

We introduce interactive graph matching, a procehat
conciliates visualization, interaction and optintiaa approaches
to address the graph matching and graph compapisziems as
a whole. Interactive graph matching is based onud#itayered
interaction model and on a visual reification oégn matching
functions. We present three case studies and &nsystmed
Donatien to demonstrate the interactive graph niagcapproach.
The three case studies involve different datasgtsubgraphs of a
lexical network, b) graph of keywords extractednirthe InfoVis
contest benchmark, and c) clustered graphs compfrad
different clustering algorithms for comparison pesps.

Categoriesand Subject Descriptors
H.5.2 [Information interfaces and presentation):
Interfaces. - Graphical user interfaces.

User

Keywords
Visual Analysis, Graph Matching, Multi-Layer Comjsam,
Deterministic Layout of Graph.

1. INTRODUCTION

Graph comparison is a challenging task with impactsa wide
range of domains including software engineeringnaistry and
biology. Respectively, it involves for the compansof data
structures and the comparison of complex systemsaplG
comparison is usually subdivided into two subproise graph
matching and graph comparison.

The problem ofgraph matchingis to find the “ideal" mappings
between nodes from different graphs, since testngquality of
single node attributes is often not enough. Thélera ofgraph
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guide or tune the matching process. Conversely,nwigng a
visual graph comparison interface users might sedching

mistakes and might need to re-run matching algmstiHowever,
most visual graph comparison systems either posufyport or
not support these tasks. For example, in [3] gramtching

similarity matrix is taken as an input to the vikzation without

any support to interact with this matrix nor withetassociated
matching process.

2. RELATED WORK

Graph theorists have been interested in autontigticgtching
graphs based on their structure alone [12], aramtst of this
problem being the graph isomorphism problem, knoas
computationally challenging [21]. Matching techrégu that
incorporate semantic information have been studiedomains
such as knowledge engineering [18] and databa&gs [3

A range of visual graph comparison techniques hbeen

proposed by the information visualization commupnityd can be
categorized under three main approaches: (a) sidgde views
[30][23][3], (b) superimposed or merged views [1§]and (c)

animations [37][13]. These approaches are oftenpbemmented
with techniques for highlighting the matches orfatiénces
between the graphs. Techniques for highlighting thatches
include visual links [11][23], color coding [30][127] and

brushing and linking [23]. A domain closely reldt&o graph
comparison is the visualization of time-varying ghna, for which
similar techniques have been devised [8][10][1B6]atldition, the
graph drawing community has focused on providiradplst layout
algorithms to allow for animation [13].

There has been little research on how to integreph matching
and visual comparison tasks, except in the fieldonfology
alignment [27][22] where integrated systems havenbgroposed

comparisonis to present collections of matched graphs to end but are typically limited to manual node adjustménir approach

users in a way that allows for easy comparison.

Although in most real world situations graph matchand graph
comparison are two intertwined problems, most systdreat
them separately: graph matching is typically tréate
algorithmically while the comparison of matchedpra is usually
handled visually. As a consequence, graph matchistems have
sophisticated algorithms but no or poor GUI supplaspite the
fact that the user's expertise is ultimately neededvalidate,
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contrasts with existing work in two ways: firstagh comparison
and graph matching are integrated into a single eoit

interaction model, and second, this interaction ehasl based on
a multi-layer approach that generalizes the clasggual

techniques (a), (b) and (c) mentioned above.

Layers [19] are a construct commonly used in mudtma

authoring software and are therefore familiar tanynaomputer
users. Layers can be seen as a particular caseusl yplanes, a
concept introduced by Collins and Carpendale [dibmparing
visualizations. But in contrast with the use caegplored by
Collins and Carpendale, our layers are simple 2iddal planes
that are stacked and translucent.
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Figure 1: Multi-layer comparison of research paper topics from years prior to 1994 of the Infovis Benchmark.

For the purpose of comparing graphs, 2-D stackiag the

advantage of preserving the user's mental map ddtee

visualizations. Animations have the same advanfd@#, but

unlike animations, our multi-layer approach alsdesait possible
for users to see several related visualizationbesame time and
tune them separately.

As we further show in this paper, another advantagesing
layers for comparing graphs is that they providsidaupport for
the three basic types of visual comparison appesmcised in the
domain, i.e., (a) side-by-side, (b) merged and dojmated.
Although some systems support more than one teghnithey
rarely attempt to unify them within a single coh@reisualization
and interaction paradigm. Exceptions are systerat I8t users
rotate 3-D stacked views to support both side-bg-sand
superimposed comparisons [15][9][16] and systerke [Bevol
that unify merged views and animation by displaythg union
graph and having node colors change over time Bfindes et
al.’s system combines (a), (b) and (c) by drawirgpbs on 3D
layers whose opacity can vary to show graph evaiutn a way
similar to the Flash “onion-peel” effect [8]. Budylers are only
used as a visualization metaphor and the systems mimeexploit
the full potential of layers in terms of interactjas layers cannot
be manipulated and tuned individually. Supportintgiiaction is

likely to be more difficult with 3-D layers than thi 2-D ones
[36], which further motivates the use of a 2-D lagpproach.

3. AMULTI-LAYER INTERACTION MODEL
Multi-layer interaction model builds on layers irgetion models
commonly found in graphical authoring applicatiolagers act as
semi-transparent sheets that are stacked on teacbfother. Each
layer has a title bar that can serve to make ibkasor invisible,
and title bars can be reordered to modify the dispirder of
layers. Layers can also be panned, individuallyogether.

Since layers aimed at graph comparison and grapgbhing, we
also introduce specificities that distinguish owydrs from
traditional layer models: each layer contains plyr@r subgraph)
as well as its rendering properties: a graph layantanimation
and geometrical transformations.

The core of multiple layer interaction model is support
reconfigure and explore interaction techniques essential for
information visualization tasks [41]. An originglitof our
approach is to support these techniques both dayee level and

a the multi-layer level.



3.1 RECONFIGURE

"Reconfigure interaction techniques provide useith wifferent

perspectives onto the data set by changing théaspatangement
of representations” [39]. Our approach to recoméiian is to
provide a variety of possible layouts and crossiaged
interaction [42] through layer title bars to flydthange and
combine layouts over one or several layers simatiasly. Three
different types of layout are supported: optimiaatbased
layouts deterministic layoutandtransformation-based layouts

Optimization-based layositare based on the optimization of
visual criteria, an approach that captures the ritgjof general
graph layout algorithms published over the pastades. Our
system supports common algorithms through the JURIG and
LinLog [33] libraries. These algorithms providecellent results
as far as the optimized criteria are concerned pratuce
drawings that usually have good legibility propesti However,
one important drawback with these algorithms isirthen-
determinism: in most cases, applying the same ithgorto the
same graph twice will result in two very differedtawings.
Although non-determinism is not an issue in mospliaption
scenarios, it becomes seriously problematic in ¢batext of
visual graph comparison and visual graph matching.

We introducedeterministic layoutas a complementary approach
to optimization-based layout. Deterministic layoate meant to
facilitate graph comparison and matching by guaeing that
two isomorphic graphs will always be laid out theme way
(although two non-isomorphic graphs can end up With same
layout). Deterministic layouts are built fronede signatureswe
define a node signature as a list of node propertiat is
preserved after node reordering. It can be stratt(e.g., the
number of neighbors called the node degree), séen@et, based
on node attributes like label), or a combinationboth. Node
signatures that are purely structural are equivdkethe concept
of node invariant from graph theory [21]. Numericabde
signatures define coordinate systems for detertigniayouts.
One simple example is a layout that positions ncxlesh that
their x-coordinate is a function of their degreed atheir y-
coordinate is a function of their clustering coaéfnt (i.e., the
density of edges in their neighborhood). Deterntimigyouts can
also be built based on semantic numerical nodeasiiges, such
as linear combinations of numerical node attribudesordered
hash functions of string attributes.

Deterministic layouts offer several potential bétsefrirst of all,
in contrast with optimization-based layouts whenéyonter-node
distances are meaningful, the mapping of node doates to
node signatures can give users richer overviewseofantic and
structural graph properties and better supportvieual search
following the analogy of dynamic filtering [1]. Thalea of
treating a graph like a scatterplot has also beeonessfully used
for the purpose of data exploration [16]. Howeweithout layers
and with only few types of mappings between notigbates and
the x and y axes, previous systems cannot handéphgr
comparison.

Another benefit of deterministic layouts for theesific purpose
of graph matching and comparison is that they yiblel same
node positions for the same graphs even after medelering.
Such layouts are graph invariant [21], meaning tlab

isomorphic graphs will yield the exact same vidagbut. A user
who sees two different visual layouts can immedjjadeduce that
the two graphs are different. Although the recipitds not true,
our experience suggests that in practice, when layouts are

identical it often implies that the two graphs afentical and the
superposition makes it easy to confirm or infirm.

A third benefit of deterministic layouts is in theaiobustness:
small modifications of the graph with respect tce thode
signatures of interest will typically produce oshght changes in
the layout. This lets users estimate, at a glahog; much two
graphs differ.

Finally, as we will later see, deterministic lay®aire an essential
component of the reification of graph matching fimts. For the
purpose or simple label based matching we haveeimghted a
deterministic layout, namealpha layoutand based on alphabetic
ordering and word length to ensure that two nodiés the same
label have the exact same position and that inrggneords close
in terms of size or alphabetic ordering have closstions.

The third type of layout is thigeansformation-based layouThese
layouts are different from the two previous typésagout in that

they modify the currently displayed layout rathieari computing
a new layout from scratch. They can be used aspyosessing
tools to tidy up the results from optimization-bédayouts, and
are either discrete or progressive. Common exangfleiscrete
transformation layouts are node overlap removabrittyms like

Dwyer’s [14]. Examples of progressive transformatiayouts are
spring-based layouts, which can be used to sepaoales that are
too close. Our interaction model allows applyingnsformation
layouts in sequence. We have found, for exampg,applying a
LinLog layout followed by a small amount of spridgyout

followed by a node overlap removal layout often darces

excellent visual results.

We have also designed geometrical transformatipouls for the
sole purpose of visual comparison. These deform stnetch
existing layouts (e.g., digging a hole in the mé&dbr project
nodes on a curve such as an ellipse. As will hestithted later,
they make it possible to arrange multiple layersiricher way
than simply putting them side-by-side or superinmpgshem.

Finally, layouts can be shared between layers tiagulin

cascading computation of positions for nodes. kanmle, when
two graphs are displayed on two different layershwhodes
matching between the two layers, the positionsaifes can be
computed according to its own layer layout or adoay to the
position of matched nodes in the other layers. iBpalayout
computations over different layers, makes a variaf
comparisons possible.

3.2 EXPLORE

The explore interaction techniques constitute themementary
aspect of our interaction model and are based féerelt types of
animations, zooming, and panning.

Layers can be animated in two different ways. Iditan to
animations that are intrinsic to incremental layalgorithms
(e.g., springs), node motions are smoothly animatedarify how
layouts operate in case iterations are slow anitoslve node
jumps (e.g., Kamada-Kawai). The progressive anonatif layout
algorithms and the fact that they can be stoppedngt time
provides an affordance for combining them in segaewhich is
especially useful for the transformation layoutsitiened above.

These quick animated transitions employ a sloweftect [38]

and allow users to rapidly compare different lagofar a given
graph. A second type of animated transition is sloand uses
linear pacing [38], which facilitates detailed gnapomparison
and makes it possible for users to follow individoades.



Finally, flip-book animation between layers usingossing
provides fluid interaction useful for comparison.

Layers can be zoomed in or out in addition to statidpan

operations. Although homogeneous zoom is widelydusee

found it of limited use for exploring graphs. Irete our layers
support (a) a zoom that only affects object distanand (b) a
zoom that only affects object size also known. Beable to

control object distance and size separately is ftapd while

navigating node-link diagrams, as users may wasptead nodes
apart without affecting the legibility of labelshike being able to
occasionally adjust the font size of the labels.

Furthermore, these two types of zoom can be appliedither a
single layer or all layers simultaneously. Thisrs effective way
of combining the layer paradigm with the zoomalderunterface
(ZUl) paradigm [6][7]. One direct benefit of mulyer zoom
compared to traditional ZUIs is that users cangasslifferent
levels of zoom to different layers to match theicifof interest.

Finally, layers can also be put side-by-side sa bwdh side-by-
side and superimposed comparisons are possibls.iJkione by
combining a tiling window manager [32] with a dragd-drop
technique that allows to move individual layersiira window to
another. A similar drag-and-drop technique whefss tare used
instead of layers has been introduced in [5] andn@wv
implemented in applications such as Google ChroAmether
way of performing side-by-side comparisons is byngy
translating individual layers. This technique isllveaited to
temporary side-by-side comparisons while tilingrisre suited to
longer-term comparisons and allows organizing syeigroups.

4. GRAPH MATCHING FUNCTIONS

Paradoxically, even though matching functions @ayrucial part
in most graph comparison problems most visual gragphparison
programs consider them as black boxes. In ordevake possible
graph comparison with different matching perspesiand with a
finer control over matching functions we propose reify

matching functions. Following the definition of Reuin-Lafon
[4], "reification is the process by which concepts turned into
objects [...] Reification creates new objects thamn che

manipulated by the user, thus increasing the sebbpécts of
interest.”

The reification of graph matching functions is higadthrough
the visual and interactive constructionroéster graphsin terms
of graph theory, master graphs can be considereduatered
graphs, e.g. graphs with clustering structures tiververtices. A
master graph can be created on demand while ititegawith
several layers. The clusters of a master graphciarated from
layout positions at the time of creation. For exeEmpuppose one
wants to compare metabolic pathways from differepecies
according to structural information and sequenéerination that
can be embodied in a layout where the x coordingpeesents
discriminating structural information and the y odioate
represents discriminating sequential informationsing this
layout with graphs of different species on diffdardémyers will
result on superposition of nodes with similar x andCreating a
master graph from these layouts will result in &t®agraph made
of clusters of nodes that share the same strucamalsequential
information. Interactive node superposition can ther be
adjusted by the expert prior to master graph aeait make all
sorts of useful adaptation of matching functions. @ result a
master graphs embodies a matching function andfugdimer be
used to coordinate the position of all matchinge®tb facilitate

visual comparison. The fact that master graph epresented
graphically and created and deleted on demand npadsssble the
use of a variety of semi-automatically controlledataming
functions for visual comparison tasks.

5. CASE STUDIES

We have developed a system named Donatien in todest our
approach with case studies involving real datahis section, we
report three different case studies conducted Bxthatien.

5.1 EVOLUTION OF RESEARCH TOPICS

The Infovis 2004 contest [19] [34] served as a bhemark for our

first case study. The InfoVis Contest dataset doaté14 papers
that were published between year 1974 and 2004dtlition to

raw data, the benchmark contains three generas:tédsk give a

static overview of 10 years of Infovis, (2) findtanajor research
topics and their evolution and (3) find out majartheors in the

InfoVis contest set. Several visual approachesitdataset have
been proposed at the time of the contest. To ocawledge, none
of them has used a multi-layer approach. Amongsthinee tasks
at stake in the contest, we focus on the secokd-tas., find out

major research topics and their evolution.

A burst analysis [27] identifies sudden increaseshie usage of
keywords and is used in the work of [39] to hightigsix
particular bursts: the first bursts are witlser interfaceand
human factorsn the beginning years of infovis research; fokaiv
by data visualizationthat dominates in 94/95 and is replaced by
information visualization since 98. Based on In-SPIRE time
slicer and outlier, the analysis of [40] concludest there are no
focal topics in the community at the beginning, duation of
user designthemes prior to 95, diverse and topic rich period
between 1995-2000 and dominanceti@fes/hierarchies/graphs
from 2001, 2002. Finally, based on histograms digply most
popular topics over years, the work of [30] indesathatgraph
visualizationhas grown in popularity quite recently and was tmos
popular in 2001 dynamic queriehas exhibited steady increase
over the period of 1996-2004, atrde visualizatiorwas the most
popular in 2000.

Figure 1 is made from the papers/keywords found the
benchmark for the period prior to 1994. This vigatlon is the
result of multi-layer interactions with Donatiemelayer is first
created for each year of publication prior 1993ctEdayer is
associated with a color used both for the title czastrolling the
layer and for coloring nodes and edges of thatrlafematching
of all keywords based on their label is performgdabgning all
layers through an alpha layout. A master grapheésted to reify
this matching. The resulting master graph is disglain the layer
entitled Anya using a LinLog layout. All layers dfiather laid-
out according to the master graph. Only labels afching nodes
are displayed. A barcode made of colored squanesaap on top
of matched nodes to indicate the layers of thfemifit matches.
For example, on top afomputer graphicss a barcode made of
cyan/orange/green squares indicating that matchetes for
computer graphicsare in layers 1990 (cyan), 1991(orange) and
1993 (green).

Figure 1 confirms the fact thauman factorandgraphical user
interfaceswere important topics for the first period of infeation
visualization publications found in the benchmalkit it also
makes clear that the collection is relatively batmh with other
topics as well. For example&gomputer graphics, information



retrieval, algorithm animation, graph theory, treesput devices
were already well represented in the network.

Similar multi-level interaction for the last yeacsvered in the
dataset lead to a visualization showing that thealalary for this
period tend to diversify for each topic leadingatsituation where
simple alpha matching was no longer sufficient. Arenexpert
controlled matching was necessary and could béygasiformed

as an adjustment of alpha matching to match ndussrelate to
the same topics while having very different laksish agrisheye
with Focus+contextand Overview+details Another example is
CSCW that an expert can decide to match wabrdinationand

collaboration Once a matching is interactively adjusted the

visualization confirms most insights found in p@w work but
also shows other important aspects: new emergipiggsuch as
trend analysis structure-based brushingr CSCWare visible and
relevant while not captured by previous work aralyflso

compared to the network covering the first periad,important
highly connected component appears and links gbhmtapics. A

meaningful difference seems to come from the taat temerging
topics are connected to this dense component or not

For example, topics likestructure-based brushingor trend

analysisemerged outside of the dense component and a@jiealri
and important aspects of the field of informatiasualization.

CSCW geographic visualizationor database visualization
emerged directly connected to the large componedt appear
more as bridges with other domains than new cdi@rmation

visualization topics such astructure-based brushingr trend

analysis The extent to which such findings can be gerezdli
predicted or explained with a model of knowledgeletion can

be the subject of future work.

5.2 LEXICAL NETWORKS

The second case study involves a data set extrérciedJeux de
Mots [27][25], a lexical network of the French larage. Users
contribute to Jeux de Mots by playing a coordirmatiame.

For example, a player is asked to provide as manng as
possible related to a given term in a limited antafrtime. The
answers are then compared to those of a previayeplThe two
players earn points based on how many terms theyeamn and
agreed relations and terms are then appended tdeitieal
network following a cumulative weighting system[27ux de
Mots now contains more than 200,000 lexical termmsi a
1,200,000 lexical relations.

Despite its original data generation method, Jewex Mots
regularly needs to be validated and corrected fiare by human
experts. Donatien can be used to compare subgfpimterest
extracted from Jeux de Mots for detecting patteand errors.
Here we take as an example lexical networks imgighborhood
of the word “boat” bateauin French).

We start with the visual comparison in Figure 2twb lexical
relationships: hypernymy and hyponymy. A hyponynai&ype-
of” lexical relationship. For examplejoilier (sailing boat in
French) is a hyponym fdpateau (boat). Reciprocally, boat is a
hypernym for sailing ship. In figure 2, hypernym® ahown in
blue and hyponyms in pink. Matching nodes are sompersed
and surrounded by a halo, making the graph intéoseclearly
visible: the two relationships only have five worithscommon.
Hypernymy and hyponymy are theoretically symmelrica
relationships, and links displayed in the mergemwean be also
used to find out to what extent this symmetry hatdpractice. It

is visually apparent that in practice links are simg. For
example, safety boat&no) is a hyponym of boanévire formal
French word for boat) but the reciprocal relatidpsis missing
from the hypernym graph. The low level of the degref
symmetry suggests a bias in the acquisition gameetdurther
investigated.

In addition to the overview it provides, the mergéelw can also
be used for checking the validity of individualagbnships across
graphs. It appears that more errors can be spatiedhe
hyponymy graph than in the hypernymy graph. Therc®wof
errors also seems different: hyponym errors seestaim from a
confusion with the “related idea” relationship. Ferkample,
Capitaine Haddocks a fictitious boat captain, so it is related to
boat but not a hyponym for boat. In contrast, hgpers seem to
exhibit a confusion with the “part-of” relation. Fexample, a row
(ram@ is part of a boat, and a boat is part of a flflette). These
observations suggest that some questions used d@ndtta
generation game might need to be reformulated.

o= 008-01-17-12 (12 node [FOI LN Master align
CI[E] hyponyms.2008-01-17-12 (19 nodes; I LTI (T L JEFIE . Master align

Figure 2: Comparison of hypernym and hyponym subgraphs

A further visual analysis of the evolution of theseo lexical

relations was performed to study the evolution dieirt

intersections between 2008 and 2010. In order lhiege such a
comparison visually, we move the 2008 graphs ofehyym and
hyponyms on the left of the display and the twoeotfraphs of
2010 on the right of the display. An automatic latybased on the
underlying master matching graph is used to disoate between
nodes lying at the intersection of the four graphsdes at the
intersection of hyponym and hypernym graphs, notenatvhat

year, lie respectively on the left and right of tiisplay. Nodes
that lie at the intersection of year 2008 and 2040, matter
hyponym or hyperonym lie in the middle of the dé&splCrossing
through layers shows that the proportion of worglad at the

intersection of hyponym and hypernym graphs seestatively

stable over time.

A closer look at the 2010 graph, shows that theshyym graph is
growing downward — e.g. toward more specific termather that
upward — e.g. toward more abstract terms. This estgghat the
game strategy underlying the construction of JezpMabts has
introduced a bias that unbalances the hypernym rampdnym

relations in one subgraph. The extent to which timisight

generalizes to other parts of the network andhifsaict remains to



be investigated. However, this preliminary insightready
demonstrates the benefits of interactive matchindg &isual
comparison that enabled the visual analysis o&tldution of the
intersection of two graphs, a task reputed to tzdlehging.
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Figure 3: Cluster comparison without the elementsvisible (a)
side-by-side comparison of foursclustering results, (b)
superimposed comparison of cnm and kmean clustering results
and (c) superimposed comparison of two versions of thecnm
clustering results

5.3 CLUSTERED GRAPHS

The comparison of clustered graphs is useful inynfiaids where
clustering is used. Even though a lot of analytiméeria have
been proposed to measure qualitative aspects stecdng results,
their scope is very limited and comparing clusigriresults
remains an open issue [2]. In this case study, ntlti-layer
interaction model is used to compare clusteredgrdquilt from
the same dataset using different clustering algmst The dataset
is extracted from Jeux de mot presented previously.

The first comparison of clustering results is degicin figure 3
and 4. Clusters are graphically represented byuaten node.
Special rendering is used to indicate edges thatera cluster to
the nodes it contains. For example, in figure 4 {ar clusters
EO, E1, E2, E3 are visible and cluster EO contdires terms
AngularitéandAigu.

In the first comparison depicted by figure 3, tleeus is on
clusters, terms are not visible but are laid ouhatsame position
in all displays. Since they can be made visiblerendtively by the
expert, they can then be memorized and guesseldeatrid of
each cluster edge even when they are no longdileisthe side-

by-side view (Figure 3 - (a)), shows four differecitistering

algorithms results that correspond to algorithmevimusly

studied analytically [2]. The side-by-side view slsofrom left-to-

right and bottom to up the results of the followialgorithms:

CNM — unweighted version, CMJA, K-Mean, and CNM glded

versions. The top right clustered graph (CMJA msid very

different from the three others. Another immediatial insight

is that the sizes of K-Mean and CNM resulting @dvstl graph are
much more homogeneous than the sizes of the clusgsulting

from CMJA.

More detailed comparison is achieved by superposing
clustered graphs resulting from two different aitons. The view
(b) and (c) of Figure 3 respectively compare theVMCahd k-mean
results (b) and weighted and unweighted versiorGNi¥1 results
(c). These views are a reconfiguration of views-igure 1 — (a)
obtained by first applying a LinLog layout to thderaents
contained in the clusters determining the end wéter edges and
then applying a push-aside transformation on tlselt® of the
LinLog layout so that elements in the clustersdisplayed on the
periphery while keeping proximities relatively cobet with
connectivity.

Cluster nodes are further placed using a baryeelayout based
on the positions of the elements they contain. lfashe
barycentric positioning is combined with a projention a central
ellipse. This last transformation separates clasteom their
elements and positions them in a visually distishable way.
Note that the combination of these various laydsit&acilitated
through fluid interaction supported by crossingdahiteraction
with title bars.

From these two views (b) and (c) it is more vispalear that the
results of weighted and unweighted version of CN#l @oser to
each other than the k-mean and CNM which diffenaty places.
No analytical criteria could be found to measursthdifferences
automatically as well as they appear visually. fremnore, the
fact that they are visually represented offers opymities for

exploration or explanation of the differences andnmonalities

that no analytical criteria can provide.

The second visual comparison of this case studg ainexploring

further the differences between the clustering Itesdrigure 4

shows the different frames of a crossing-basedrant®n that

flips through different superposed layers. Figur@yjshows the
subgraph to be clustered, followed by the variousstering

results (b), (c), (d), (e) and (f) finally shows siiperposed layers.
It shows, a k-mean (d) and a cmja (c) lead to esacte results in
this particular case. It also shows that two chsstespectively
{angularité, aigu} and {loi, autorisation, acceptet, ratifier} are

found by all clustering algorithms. Finally, it ske that

algorithms differ mostly with most connected pafttioe graph

and particularly depend on how highly connectedesoslich as
notoire andmanifesteare treated.

It is also very clear from these visual comparisotigat all
clustering results make sense and can be considefet even
though they convey important differences. Theséedifices are
meaningful to experts and cannot be captured byamayytical
criteria to our knowledge.

Our interactive and visual approach provides insighseful to
compare clustering algorithms used in so many dosnaiWe
speculate that by using such approach, domain expeuld gain
experience and skills useful to choose appropyiatéistering
algorithms for specific data and related analysiks.
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Figure4: Comparison of clustered graphsresulting from 5 different clustering algorithms.
(a) theoriginal graph. (b), (c), (d), (€) clustered graphsresulting respectively from CNM -weighted, CMJA, K-MEAN and CNM -
unweighted algorithms[2]. (f) superposition of all resulting clustered graphs.



6. CONCLUSION

In this paper, we propose a new approach to visoraparison of
graph and clustered graph based on an interacti@deim
considering matching and comparison tasks as a ewhibhe
interaction model is based on four key aspects:fl(d) multi-

layer support, (2) fluid reconfiguration based @rious types of
layout strategies and crossing based interactioough layers
title bars, (3) multi-layer zooming and panning &4l matching
function reification through interactive and visualeation of
master graphs. Our initial case studies suggestthieaapproach
offers a lot of benefits. Future work includes colied

experiments with users engaged in visual comparisoal

matching tasks. Future works also includes the gdespf

additional deterministic layout algorithms as newpes of
matching functions needs to be integrated.
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