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Abstract—Bibliographic databases are a prosperous field for the maximum, such a&rnetMinef[2] or Microsoft Academic
data mining research and social network analysis. They contain SearcRK. Authors and venues ranking, organization by year or
rich information, which can be analyzed across different dimen- topic, author profiles extraction and authors name disambigua-
sions (€.g., author, year, venue, topic) and can be exploited intion ére only some of the services provided on top of these
multiple ways. The representation and visualization of biblio- y h ’ ’ p . p ;
graphic databases as graphs and the application of data mining databases. $erwces that visualize co-authorship |nfqrmat|on
techniques can help us uncover interesting knowledge concern- are also available, such as thastant graph search®, which
ing potential synergies between researchers, possible matchingspresents the existent co-authorship paths connecting two au-

between researchers and venues, or even the ideal venue forthors, or the'Social graph™, which presents all the co-authors
presenting a research work. In this paper, we propose a novel f inal thor | tar t |

representation model for bibliographic data, which combines co- ora smg € author in a star topology. .

authorship and content similarity information, and allows for the Despite the advantages of the semantic-enabled technolo-

formation of scientific networks. Using a graph visualization tool gies, an imminent implication of the restricted access to the
from the biological domain, we are able to provide comprehensive fyll articles information is that all research efforts towards
visualizations that help us uncover hidden relations between mining scientific communities and bibliographic databases
authors and suggest potential synergies between researchers or . .
groups. are_restrlctgd to accessing only the. metadata offerc—j_-d. by t.he
bibliographic sources. Under these circumstances, mining bib-
liographical databases in order to extract possible research
I. INTRODUCTION synergies, identify research trends, and discover scientific the-
matic cliques or co-authorships, are restricted to the processing
Currently, vast amount of scientific publications are storasf co-authorship or co-citation graphs. In this direction, we
in online databases, such @BLP, arXiv, andPubMed These propose in this paper a novel methodology for constructing
databases store rich information such as the publications titlead visualizing co-authorship graphs from bibliographical
author(s), year, and venue. Less often they contain the abstitabases, and show how these graphs can be mined to extract
or the full publications’ content, and their references. Despitgeful information such as possible future research synergies
their rich content, bibliographic databases offer limited accesnd strong collaboration links.
sibility and do not efficiently exploit metadata elements. They The suggested method is a two-level approach. At the
usually restrict user queries to simple keyword-based seafit8t level, a co-authorship graph is constructed processing
and retrieve scientific publications that contain the query terrbibliographical data. The graph is then processed using a
in the selected metadata elements. As a result, there is oft@wel technique calletPower Graph Analysi$3], which we
large semantic gap in bibliographic search engines betweesnsfer for the first time, to the best of our knowledge, from
users’ needs and retrieved results, since access to the fid bioinformatics domain to the processing of bibliographical
content of the papers, or even the abstracts, is often restricighphs. ThrougtPower Graph Analysisa given graph’s nodes
The exploitation of additional semantics such as date, afiay be clustered, througiliguesandbicliquesrecognition in
filiation, citations, co-citations, and co-authorship may furthéhe initial graph. The resultindfower Graphallows a very
improve search capabilities and create novel services for bikificient visualization of the authors graph, while in tandem
ographic databases. In this direction, semantic enabled seadehmtifies cliqgues and bicliques of co-authors, representing
engines for bibliographical data sources, suctGa®ubMed them with Power NodesAt this stage, eactPower Nodeis
[1], which specializes in the life sciences, overcome traditionassentially a set of authors that have written several papers
keyword-based search problems and improve search resuftigether. At the second level, we augment Bwver Graph
In other cases, the increased popularity of social networks _
analysis had a significant impact on deployed bibliographiczhttp'llwww'ametm'ner'org/ .
’ . “http://lacademic.research.microsoft.com/
databases search services. New databases have been publlShQ@?author Path in Microsoft Academic Search
offering online services that process publication metadata atCo-author Graph in Microsoft Academic Search



with edges betweeRower Nodeghat quantify the similarity authors-conferences-topics have also been introduced in the
between the authors’ sets, in terms of the similarity of thagast [2], [4]. In these cases the topics information is extracted
papers’ titles written by the respective author set. This secofidm the paper titles and the resulting tripartite models expand
level, offers a richer representation of the initial co-authorshthe authors-topics model presented in [5]. Finally, in [6]
graph, which is visualized in an efficient manner. Finally, wéhe authors perform domain specific author and conference
show how we can predict possible research synergies betweanking by analyzing a bipartite author-conference graph using
authors from this final augmented graph. clustering and ranking heuristics.

The rest of the paper is organized as follows: Section Il In the latter category, the graph nodes are usually the
presents some preliminary concepts regarding the constructianhors, with the edges representing either citation or co-
of graphs from bibliographical databases and the ustowofer authorship relations between the connected nodes. The first
Graphsin the bioinformatics domain, and discusses relateshe is a directed citation graph [7], which is usually employed
work. Section [l introduces our approach for mining pofor ranking authors, whereas the second is an undirected co-
tential research synergies from co-authorship graphs. Sectiuthorship graph, which is mainly used for finding author
IV demonstrates our findings stemming from the applicatiacsommunities (also known agdiques [8], [9], but can also be
of our approach to bibliographic data. Finally, Section émployed for measuringuthor centrality[10], [11], a type
concludes and provides pointers to future work. of author importance. Some of the criteria that might be used
to weigh the edges of such author graphs are: number of co-
authored papers, content similarity between their publications,

The primary focus of this work is the co-authorship informaaumber of co-citations or couplings, and number of common
tion provided by bibliographic databases and the secondarycimferences between the connected authors.
the short (title) or extended (abstract or full paper) content thatAnother interesting type of graphs that can be constructed
pertains to each publication. Citation information is not consigrom bibliographical data are the co-authbiypergraphs
ered, since this is seldom available in bibliographic databas@g;ere each edgehyperedgg corresponds to a publication
Graph-based mining methods in bibliographic databases e@rd connects all the co-authors of the specific publication.
erate usually in three steps: (a) a graph is created usingthor cliques can then be extracted from the graph [12].
authors, conferences and papers’ topics, (b) application |afthis direction, in our previous work [13], we presented an

a graph-based partitioning or ranking algorithm takes placgpplication of co-authonypergraphcreation and clustering of
and, (c) results are presented either in the form of no@€ nodes.

clusters, e.g., authors by topic, conferences by topic, or using
a graph visualization approach, e.g., co-authors of a sin@g
author in a star topology. The majority of research works in
bibliographic data mining aims at ranking authors or finding Bibliographic data organization has attracted the application
authors’ communities. In this work we present a differerfocus of many data mining research works. In the case of
approach which combines graph-based community minisgientific community mining from publication records the
with text mining techniques in order to extract and visualizehallenge is to discover research communities that share
useful information from bibliographic data, such as potentigommon interests. In [14] a method is proposed that relies
synergies between researchers or research groups. In offethe scientists’ publication records in order to create scien-
to provide a better understanding of how graphs are creatéi communities. Moreover, community mining systems have
from bibliographic data and what are the visualization optionegen proposed in the past, which use bibliographic data in
in the following we summarize the most important researgider to discover and visualize researchers’ communities [4],
works in the field and illustrate the different alternatives ifil5].
each process. In our previous work [13], we experimentally studied the
) o ) use of a novel semantic relatedness measure for the thematic

A. Constructing Graphs from Bibliographical Databases o rganization of research papers in an attempt to improve the

Inspired by social network analysis, works on bibliographeffectiveness of retrieval in bibliographic data. In particular, we
ical databases have proposed different alternatives for magded theOMIOTISmeasure [16], which captures the semantic
elling bibliographic information using graphs. These can belatedness between text segments, and with its application we
divided in two main categories: (a) methods that create enabled the thematic organization of the bibliographic data
partite graphs, which contain for instance authors, conferencs®red in online databases. In this direction, of organizing
or topics as nodes, and edges that connect nodes of differgibiliographical entries into thematic subsets based on text
type and represent relations (e.g., an author has publishesirailarity, other research works have employed standard text
paper in a conference), and (b) methods that create graplessification techniques, e.@ayesianmethods orSupport
with a single node type and edges that may vary in meanikgctor Machines(SVM) [17], Concept Base Vector Space
depending on the application. Models[18], in order to assign research papers into appropriate

In the former category, in [4] a bipartite model that connectsategories. The combined utilization of metadata and full-
conferences to authors is proposed. Tripartite graph models fext information for classifying bibliographic records into

Il. PRELIMINARIES AND RELATED WORK

Mining Bibliographical Graphs



(a) Huge biological "fur ball” network.
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(b) Before and after the application Bbwer Graphs

Fig. 1. An example of a huge biological network is shown in Figurel(a) [3]. In a smaller scale example (Figure 1(b)) the applidadierroGraphs
demonstrates how shared protein complexes can be easily identified in the prédwesdGraph

appropriate subject classes [19] has also been proposed ingkample there are networks of several types, such as small and
past. large scalénteraction networksregulatory networksgenetic

Our work is complementary to the above research diresetworks protein-ligand interaction networksand homology
tions. In this paper we propose a novel method to construsttworksanalyzed and published regularly. A common way
and mine the co-authorship graph, in order to identify potentid access the information in a network is though direct
future research synergies. For this purpose, we use the simigualization, but this often fails as it just results'far balls”
larity between authors from different communities, measuréem which little insight can be gathered. On the other hand,
on the context of their publications. In the graph creation steglustering techniques manage to avoid the problems caused by
we visualize the co-authorship communities using a technigtie large number of nodes and even larger number of edges
transferred from the biomedical domain, namBbwer Graph by keeping a coarse-grained level of the networks’ information
Analysis[3], and in the second step we enrich the constructeahd, thus, abstracting details. But these fail too since, in fact,
Power Graphwith similarity edges betweeower Nodes much of the biological information lies in the details. Similar
based on the text-to-text similarity between the authors’ papestrictions hold for bibliographic data and more specifically,
titles. Our method is unsupervised, thus obviates the need for co-authorship graphs. The large number of authors and
collecting training data samples and its performance does iotauthorship edges makes the visualization task extremely
depend on the quality of any type of training examples.  difficult.

C. Visualizing Graphs with Power Graphs In order to provide an efficient methodology for visualiz-
In biology and bioinformatics studies, networks play #@ng large and complex biological networks, without loosing
crucial role. Yet, their analysis and representation is a difficuttformation, the authors in [3] present a novel methodology
problem. Recent experimental and computational progrdss analyzing and representing such networks, introducing
yields diverse networks of increased size and complexity. FBower Graphs Power Graphsare a lossless representation
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Fig. 2. The three basic motifs recognized Bgwer Graphs Star, Clique
andBiclique Power Nodesre sets of nodes ariRbwer EdgesonnectPower
Nodes A Power Edgebetween twoPower Nodessignifies that all nodes of
the first set are connected to all nodes of the second set. Nodes wRbinex
Nodeare not necessarily connected to each other.

TABLE |
AN EXAMPLE OF A BIBLIOGRAPHIC RECORD

[ paper —id | Authors |

P1 al,a2,a3
D2 al,a2,a4
p3 ai,a2
P4 as,aq
P5 as,aq
a; 3 ap
1 1
1
as > as

Fig. 3. The graph and hypergraph co-authorship models.

to add ahyperedgeconnecting the: author nodes, or to add
simple edges connecting each pairwise combination ofithe
authors. SincéPower Graphsdo not supportyperedgesve
work with the second alternative. However, usmgpergraphs
and ahypergraphpartitioning algorithm [21] is another option.

of networks which reduces network complexity by explicitI);rhe second decision refers to the weighting of edges. Although

representingre-occurring network motifsMoreover, Power
Graphs can be clearly visualized, as they compress up
90% of the network’s edges and are applicable to all types
networks such aprotein interaction regulatory, or homology
networks Figure 1 shows two examples dtir balls” in bio-

logical networks: in the second example, which is small sca

the application ofPower Graphsresults into a visualization

where the shared protein complexes can be easily identifi

whilst in the original network, this was impossible [20]. |
Figure 2 the three basic motifs recognized Pgwer Graphs

(i.e. Star, Clique andBiclique) are shown. They constitute the'/vi.v2
basic transformations to cluster the nodes of an original gra

into Power Nodesconnected witlPower Edges

In this paper, it is for the first time, to the best of our know

edge, thatPower Graphsare applied for mining information

n

many existing studies on the co-authorship graphs model the
ﬁs)-authorship relation by an undirected and unweighed edge,
i this work we want to model the strength of the relation
between authors, by adding edge weights. An edge weighting
scheme for the author graph has been also employed in [12],
jith very interesting results.

'"The resulting weighted co-authorship graph is formally

mpdelled as follows. Let the graphi = (V, WE), whereV" is

the set of authors and a weighted edge= {v1, v2, w,, 1, } €

WE represents that authors; and v, have co-authored
papers. Similarly, this representation can be used
thyperedgesare used, as follows. Lefd (V,WHE),
where V' is the set of authors and a weightéyperedge

I\_/vhe: {v1, s UnyWo, .., } € WHE represents that authors

vi,..., vp, have co-authored,, . ,, papers. An example of a

from bibliographical graphs. In analogy to protein networkgibliographi_C reco_rd anq the resulting C(_)-authorship grqph and
that contain proteins as nodes and edges that represent theiPYrP-ergraph's depicted in Table | and Figure 3 respectively.

teractions, the co-authorship graphs contain information abqt power Edgesnformation
authors and their co-operations. As a consequence, finding re_—l_h 0 cant tributi il Graohmodel
occurring structural motifs in co-authorship graphs is a ste € mostimportant contribution Wer raphmode

towards discovering author communities. Additionally, in thi its ab't“ty t: groy;:‘)as)everaltzldnodel_si mRDwerﬂl]\Iodkesanld (:O
work, based on the contextual similarity of publications wi ggregate edges infecower edgesrowever, the Knowiedge

discover potential synergies between members from differ fat_can be extracted from each (.)f the three mer Graph
communities. motifs, namelystar, clique, and bi-clique may differ. In the

star motif a Power Edgeconnects an author with a set of co-
authors. Theclique motif corresponds to a clique of authors
that frequently publish papers together and the corresponding
Power Edges a loop to thePower Nodetself. Finally, in the

The first decision regarding the creation of co-authorship-clique motif, a Power Nodegroups two or morestars and
graphs is on the type and meaning of edges. When a papsra result thd?ower Edgeconnects two distinct author sets
has k& authors, the two representation alternatives are eithghose members have published papers together (one author

Ill. APPROACH

A. Co-authorship Graphs witRower Graphs



the co-authorship graply from the database of papers.

al a3 As explained before, for each paperin the database, a set
21 2;‘ of weighted edges is added (or updated) to the co-authorship
a2 a3 graph. The second step (ligg is the application of th&ower
a2 a4 Graph Analysisalgorithm to the original graplG and the
2 = creation of thePower Graph PG which comprisesPower
a3 a7 - ] Nodes(pn) that are either nested or forgliques stars and
Zg gg ¢ a22e° bi-cliques The details of thd®ower Graph Analysislgorithm
a3 al0 020 a3l are available in [3]. The final step of the algorithm comprises
a20 a3l the examination oPower Edgegqlines 10 to 14) and Power
20 am . Nodes(lines 15 to 20) and results in a list oPower Nodes
a2l a33 b which may contain potential research synergies.
22
Input: Database of papers D, empty graph{GWE}
Output: A list of candidate Power Nodes CPN
Fig. 4. A sample co-authorshipower Graph 1 foreach Paperp € D do
2 foreach Author a € p.authors do
3 foreach Author b € p.authors,b # a do
from each set). 4 V.add(a);
The usability of theclique motif is limited in our paradigm, 5 V.add(b);

since all authors inside thBower Nodeof the clique have ¢ if WE.containsKey(E(,y)) then

already published a joint work in the past, so the synergy has L W E.updateV alueO f (E(qp));

already been materialized. However, a further analysisstéia else W E.put((E );

motif will probably reveal potential synergies. As mentioned DU a0y, 2

before, thePovv_er Nodein the star motif contains all the co- 9 PG{PN, PE} = PowerGraph(G);
authors of a given author. All these authors have a comman
. X - 1% foreach Power Edgepe € PE do
point of reference and, consequently, if their interests match, it pe.node, € PN then
they can form cooperations. However, findibigcliquesin the CPN ldd( der):
co-authorship graph is the most straightforward indication "of L -aadatnoder),
a potential research synergy. Each author in one set dfithel3 | if pe.nodes; € PN then
clique has co-authored one or more papers with all authorst | | CPN.add(nodes);
the other set but not with the authors in his own set. Tf}is f
motif depicts a possible cooperation among authors insﬁe
each Power Node Finally, Power Graphssupport another
motif which can be very useful in our application. This
is the Power Node inclusion motiff20], where a Power .
Nodecontains anothePower Nodeand several more distinct L
authors. Theanclusion motifcan be also exploited for hidden
synergy potentials. Figure 4 gives an example of co-authorshigyqqrithm 1: The Enhanced Power Graph creation algorithm
information and the correspondi®pwer Graph
When the size of eacRower Noden the bi-clique or the
size of thePower Noddn the star motif, or the externaPower D. Complexity and Implementation Issues

Nodein the inclusion motif is Iarge, then the authors inside The Computationa| Comp|exity of our method is exp|ained
the Power Nodemust be examined in terms of similarity ofin the following. We assume that the database contains
interests, as in these cases possible future research syner@@%rs written byn distinct authors, and that the resulting
may be found. In our model, Slmllarlty of interests is mOde”eFiower Grapmontains)n Power NodesThe first step, which is
as the similarity between their published works (i.e., betwegRe creation of the initial co-authorship grapfi & {V, WE},
nOdeS that participated in th@owel’ Edgecreation). The Wherev is a set of vertices antlVE a map of edge_weight
algorithmic details of the proposed method are presented\ifiues), requires a single scan of the publication database.
the following section. Given that the size of the graph does not exceed the size of
the main memory, the complexity of the first stepQém).

The second step, relies on ti®wer Graph algorithm,

The algorithmic description of our method given a publicawvhich is a two-phase procedure. In the first phase the algo-
tion databaseD is presented in Algorithm 1. We assume thatithm identifies potentiaPower Nodesising aJaccardbased
authors (the nodes in our graph) are in lexicographical ordsimmilarity metric on the neighbors of each node and a similar-
The first step in our method (linelsto &) is the creation of ity based hierarchical clustering algorithm. For example, the

oreach Power Nodepn € PN do
foreach noden € pn.nodes do
Pliemp = @ NEW empty power node ;
if n¢ PN then
Plitemp-add(n);
CPN.add(pniemyp);

C. Algorithmic Description



similarity between two authors is maximum when they havemprises more that.5 million publications. The database
written the same number of papers with the same co-authgseovides for each indexed paper the authors, title, venue and
The second phase of tieower Graphalgorithm performs a year of publication. The visualization of the complete graph
greedy search foPower Edgesby examining the problem would not make any sense since thBLP database contains
of minimizing the Power Graphstructure as an optimization publications from many different research fields. Thus, we
problem. Since the details of the useower Graphalgorithm have selected subsets of tBBLP dataset, which comprise
implementation are not knowrwe can simply assume thatpapers published in the same conferences, and the same
its complexity is relative to the complexity of the hierarchicajears. For the graphs’ presentation we provide two alternative
algorithm ©(n?log(n)) if the priority-queueHAC algorithm visualizations: one that contains all tHeower Nodesand
is implemented [22]), and to the complexity of the greedi§dgesand one that contains only the strongest edges.
power edge search algorithm, which is linear to the numberData processing is done as described in the previous sec-
of Power NodegO(pn)). tions: (a) we create the initial co-authorship graph from the

The final step, performs pairwise comparisons (using tiselected subset of publications, (b) we generate Rbeer
paper title information) between authors in ed&wer Node Graph from the initial graph, and, (c) we prune the weakest
that is of interest (i.e.Power Nodeshat are nested, or form components of théPower Graphin order to improve the
bi-cliques or belong to astar motif) as described previously. readability of the result. Finally, we present in details the most
In the worst case the complexity of this step is linear to thateresting structures in each power graph.
total number ofPower Nodegqpn) and Power Edgegpe), in
order for all the possible motifs to be checked. As a result, tf|13é Results on th®BLP Data
complexity of theEnhanced Power Grapbreation method is 1) The database conference the first experiment, we
O(m +n? - log(n) + pn+ pe-+ pn). Given thatPower Graph Process thédBLP publications from the top- conferences in
reports ans0% reduction to the number of edges and noddatabase’s namely: SIGMOD, VLDB, PODS ICDE, ICDT.
the resulting complexity i€ (m + n? - log(n)). The subset conta|n131,369 papers published sind®69. The

The output of the algorithm is a set 8bwer Nodedrom Papers have been written ky), 524 authors. Several papers
the original Power Graph which contains authors that canhave more than two authors, and several author pairs have
possibly co-operate in the future. The selecRaver Nodes CO-authored more than one paper. In order to reduce the
can be highlighted in the visualization of tRewer Graphor complexity and improve readability of the graph, we omit
given as input to the author matching module, which examin@gthors that have written only one paper in any of these

author similarity of interests in terms of their papers’ contexgonferences. The resulting graph finally conte8ns60 nodes
(authors) and 5, 382 edges (co-authorship entries).

E. A Walkthrough Example After applying thePower Graphalgorithm, the resulting

In this section we present a more detailed examinati@@Ph shown in Figure 5 contains 601 power nodes and
of the example shown in Figure 4. For simplicity, in thi$ 972 power edges. A modified version of tiRewer Graph
example we assume that each paper has exactly two aut¥pére the weakesPower Edgeshave been pruned away is
and corresponds to a single edge. Authafsand a2 have presented in Figure 6 and uncovers interesting substructures
exactly the same co-authora3 a4, a5) but have never co- of the original graph. In Figures 7 and 8 we zoom on the
operated. The same holds for auth@3 a4 and a5 who Power Graphin order to present some of these structures. The
have never worked together. This is depicted bgi&lique potential research synergies must be searched in cases like the
in the Power Graph In addition to the preview, authca3 ©nes we highlight:. (a) in Figure 7 the co-authors qf an guthor
has collaborated witkal, a2 and a6 to a10. For this reason Who has astar motif (€.g., thet co-authors oH.P. Kriege] in
authora3 forms astar with his co-authors, who form a pair of P0ld face font), may co-operate with all other authors in the
nestedPower Nodegal, a2 is inside the greatéPower Nodg ~ Power Nodeof the star motif (e.g., autho_rs in |tal|cs),_ (b)_ in
Finally, all the co-authors cdi31 form astar, the Power Node Figure 8 the authors in Bower Node(or bi-clique), which is
of which is of potential interest. All other authors that havBeSted in anothePower Nodeg(e.g., C.Jermainand authors in
co-operated with a single author are ignored. If a threshdi@!d face fonts), may co-operate with all other authors in the
value is added on the size &bwer Nodeso be examined, outerPower Node(e.g., authors in italics). .
we will be able to further distill the candidafower Nodes An additional piece of information that we can easily draw

and find more promising matches. from Power Graphsare the authocliques(e.g., the co-authors
of P. Kriegelin Figure 7) that correspond to authors who co-
IV. EVALUATION AND RESULTS operate frequently. The cliques are easily distinguished from
A. Experimental Setup groups of authors that have co-operatively written several

papers (e.g., the group of authors on the top of theFoiger

In order to provide a demonstration of our method, WR,qein Figure 8), which are closely placed in the graph but
employed theDBLP® Computer Science Bibliographwhich do not form aPower Node

Shttp:/Awww.biotec.tu-dresden.de/research/schroeder/powergraphs/ 7as provided by Microsoft Academic Search in http://academic.research.
Shttp://www.informatik.uni-trier.defley/db/ microsoft.com
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Fig. 8. Part of the pruned authBower Graph(top-5 database conferences).
Power Node nesting motif.

Nodesof each subgraph and have been placed byPiser

Graphdrawing module in between the two sub graphs only for
Fig. 6. Pruned authdPower Graph(top-5 database conferences). presentation purposes (i.e., they are not spa&ialer Nodes
that lie between the two research fields).
3) Measuring similarity based on contentn this final
2) Multi-disciplinary graphs:In the second experiment weexperiment, we further examine the cases of possible co-
attempt to visualize th@ower Graphof two research com- operation between authors by measuring their similarity of
munities from different disciplines, namely computer graphidsterests based on the titles of their publication record. We
and information retrieval. More specifically we select papegmploy theOMIOTIS measure [16] and the methodology we

that have been published BIGGRAPHand SIGIR the top
conferences in computer graphics and information retrieval re-
spectively. The selected subset comprisg®8 papers written

by 5,386 authors. Following the same author pruning strategy,
we produce a graph that contaihs303 nodes (authors) and
2,769 edges (co-authorship entries). The respectoaver
Graphshown in Figure 9 containk 391 Power Edgesind523
Power Nodesand forms two distinct, compact graph regions
(IR community is on the left an@raphicscommunity on the
right). All the small subgraphs between the two main regions
belong to one or other field, do not connect to tRewer Fig.

9. Pruned authdPower Graph(SIGIR and SIGGRAPHconferences).



presented in [13]. For each candidate pair of authors we meg

L. Royer, M. Reimann, B. Andreopoulos, and M. Schroeder, “Unraveling

sure the average semantic relatedness between their publishedprotein networks with power graph analysis?LoS Computational

work in the respective conferences, then we sort candidaf
author pairs in decreasing similarity score. The candidate pairs
are selected as described in Section IV-B1, taking care to
remove candidates that have already collaborated in the past.

% O. R. Zaiane, J. Chen,

Biology, vol. 4, no. 7, p. €1000108, 2008.

and R. Goebel, “Dbconnect: mining
research community on dblp data,” ifProceedings of the 9th
WebKDD and 1st SNA-KDD 2007 workshop on Web mining
and social network analysisser. WebKDD/SNA-KDD '07. New
York, NY, USA: ACM, 2007, pp. 74-81. [Online]. Available:

The top results for the database conferences subset are http:/doi.acm.org/10.1145/1348549.1348558

presented in Table Il. Authors in the first positions have®l

common co-authors, but have not co-authored a paper yet.

A manual examination of their publication record reveals that

their interests match. For example the first pair of authorF6
. . . ]

works onBusiness Process Modellinthe second pair works

on Privacy, and the third orSQL server's optimizatian

TABLE I
TOP CANDIDATE PAIRS RANKED BY SIMILARITY

(7]

Author A Author B similarity
Daniel Deutch AnatEyal 0.222
Kristen LeFevre  AlexandreV,_Evfimievski 0.179
Ming-Chuan Wu SteveHerbert 0.156 (8]
Babu Krishnaswamy AleksandraSurna 0.154
Alon_Y,_Halevy ChenlLi 0.152
Ming-Chuan Wu AleksandrasSurna 0.148
Jorg Sander DanielA,_Keim 0.139
Conor Cunningham StevéHerbert 0.138 [9]
SandeeparBanerjee AnandManikutty 0.136
Yanif_Ahmad MagdalenaBalazinska 0.135

[10]
V. CONCLUSIONS

In this paper, we have introduced a novel approach 6t
the organization and the efficient presentation of bibliographic
database contents. The contribution of our approach lies on
the use of a graph reduction method that facilitates trﬂﬁ]
efficient visualization of the dense co-authorship graph, the
identification of potential research synergies based on the
analysis of thePower Graph and the ranking of potential co-
author pairs by similarity of interests. More specifically, we
have demonstrated how the useRaiwer Graph Analysisan

uncover potential future research synergies between authétd,

This modular approach helps us to avoid the burden of
finding the optimal clustering and classification scheme f&¥5]
bibliographic data organization. As a proof of concept, we
demonstrated some of the capabilities of our approach in tfg
DBLP data and we believe that it can be fruitfully explored
in several other data mining tasks. It is on our next plans
apply the same approach to more bibliographic networks @gg;
well as to other social networks, and to study the evolution
of the graphs over time based on the comparison of differ%%]
graph snapshots taken in different years.
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