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Abstract. Despite the large number and variety of tools anrdices available
today for exploring scholarly data, current supgerstill very limited in the
context of sensemaking tasks, which go beyond atansearch and ranking of
authors and publications, and focus instead ondgtstanding the dynamics of
research areas, ii) relating authors ‘semanticalyy., in terms of common
interests or shared academic trajectories), or p&rforming fine-grained
academic expert search along multiple dimensioasaddress this gap we have
developed a novel tool, Rexplore, which integrataissical analysis, semantic
technologies, and visual analytics to provide éffecsupport for exploring and
making sense of scholarly data. Here, we deschidertain innovative elements
of the tool and we present the results from a taskric empirical evaluation,
which shows that Rexplore is highly effective at\pding support for the
aforementioned sensemaking tasks. In addition,etmesults are robust both
with respect to the background of the users @epert analysts vs. ‘ordinary’
users) and also with respect to whether the tasksealected by the evaluators
or proposed by the users themselves.

Keywords: Scholarly Data, Visual Analytics, Data ExploratioBmpirical
Evaluation, Ontology Population, Data Mining, Datgegration.

1 Introduction

Understanding what goes on in a research area ésptask. Typically, for a given
topic, thissensemaking process may require exploring information about a variefy o
entities, such as publications, publication venuesearchers, research groups, events,
and others, as well as understanding the relatipasthich exist between them. Such
exploration and sensemaking tasks can take plaaevariety of contexts, involving
different categories of users. For instance, onthefauthors of this paper is Editor-
in-Chief of a scientific journal and in such a rdie regularly needs to consider
competing proposals for special issues, a taskhwi@quires (among other things) to
analyze the dynamics of one or multiple researelasrin order to formulate a view
on whether the proposals in question concern dhedsare ‘hot’ and growing, or are
instead to a lesser extent at the cutting edgether task contexts, succholarly
data are also of great interest to research managamngjrfg bodies and government
agencies, who i) may want to find out about thefgrerance of specific individuals
and groups, and compare them with their peers hbthational and international
level; or ii) may need to gather objective evidemat®ut research trends to inform
funding policy decisions.



Obviously, there are many tools and services ctlyreavailable, which already
provide a wide variety of functionalities to suppthre exploration of scholarly data —
see Section 2.1 for a review of the state of theNsevertheless, as Dunne et al. point
out [1], there is still a need for antegrated solution, where the different scholarly
tasks are provided in a coherent manner, throughraironment able to support a
seamless navigation between different views andtfomalities. In addition, as
discussed in detail in the next section, we belithat there are also a number of
important functionalities, which are crucial to piding effective support for
exploring and making sense of scholarly data, baitcarrently missing from existing
solutions. These include (but are not limited to) ability i) to investigate research
trends effectively at different levels of granutgriii) to relate authors ‘semantically’
(e.g., in terms of common interests or shared anadérajectories), and iii) to
perform fine-grained academic expert search aloulgiple dimensions.

To address this gap we have developed a novelRexdplore [2], which integrates
statistical analysis, semantic technologies, amsthali analytics to provide effective
support for exploring and making sense of scholddia. In this paper, we illustrate
the main innovative elements of the tool and we al®esent the results from a task-
centric empirical evaluation, which shows that Res@ is highly effective at
providing support for the aforementioned sensentatasks. In addition, these results
are robust both with respect to the backgrounchefusers (i.e., expert analysts vs.
‘ordinary’ users) and also with respect to whettiee tasks are selected by the
evaluators or proposed by the users themselves.

2 Exploring Scholarly Data

2.1 Stateof theart

A large variety of systems support the exploratidrscholarly data, some of them
providing an interface to a specific repositorybdfliographic data, others integrating
multiple data sources to provide access to a riskerof data and/or to provide a
richer set of functionalities. The most widely ussddemic search engine is probably
Google Scholar (http://scholar.google.com), whiatimprily supports search and
citation services, providing comprehensive accesth¢ academic literature. DBLP
(http://www.informatik.uni-trier.de/~ley/db/) is awell-known computer science
bibliography website and can be browsed using Ed&BLP [3], an interface which
exploits the faceted search paradigm to suppora @aploration. CiteSe®r[4]
focuses instead on large-scale harvesting and iimgeX research papers and includes
mechanisms for suggesting relevant papers. Thesersy mainly focus on providing
a good interface for publication search and aredesigned to support sensemaking
tasks in the academic domain. On the contrary, ddit Academic Search
(http://academic.research.microsoft.com/) providas variety of visualizations,
including co-authorship graphs, publication treras] co-authorship paths between
authors. In a similar way Arnetminer [5] also offedifferent visualizations and
provides support for expert search and trend aisal$affron [6], which builds on the
Semantic Web Dog Food Corpus [7], exploits keywofds expert search and
estimates the strength of an author/topic relatigmby analyzing co-occurrences on
the Web. A common aspect of these systems ishibgtuse keywords extracted from
publications as proxies for research topics. Howéwese are noisy and lack structure



(see Section 2.2.1 for a detailed discussion anatpect).

Recently, reference management tools have emergeth as Zotero
(http://www.zotero.org), EndNote (http://fendnotergo  and Mendeley
(http://www.mendeley.com), as well as specializedcial networks sites for
researchers —e.g., ResearchGate (http://www.rdsgateenet) and Accademia.edu
(http://www.academia.edu). However, while thesetaays support exploration to
some degree, again they only provide limited supfoorsensemaking tasks.

A key challenge for a system exploring scholarlyadas how to assist users in
searching and navigating through a variety of déifé dimensions —e.g., topic,
organization, co-author, etc. A popular paradigrfacgted browsing [8], in which a
set of objects can be filtered progressively al@egeral dimensions in different
orders. The \facet tool [9] exploits this idea ttow for an easier exploration of
heterogeneous Semantic Web repositories by usiglifferent resources found in
RDF repositories as alternative facets. mSpace fd€Kles the problem of dealing
with high-dimensional spaces, by showing a subk#te data at the time, called “a
slice”, and arranging them in a hierarchy of colgnmaccordance with user-defined
priorities. Other approaches rely on thigot (or multi-pivot) paradigm [11], which
allows users to identify key elements in the dgiacs (the pivots), and use these to
introduce structure and facilitate the navigationgess. For example, PaperCUBE
[12] offers advanced data visualization functiotiedi and it specifically focuses on
scholarly data, providing effective visual modai#tito browse citation networks and
relations between authors and to situate a paparrasearch context. However, the
focus here is primarily on individual publicatioasd little support is provided for
higher-level tasks, such as understanding resencmics and fine-grained expert
search.

2.2 Gap Analysis

As we have seen in the previous section, the spiaselutions for exploring scholarly
data is large, comprising both powerful systemscfamwling and indexing scholarly
data, such as Google Scholar, as well as a vasfetisualization solutions and data
exploration paradigms, some generic in nature, retlspecifically customized for
scholarly data. However, despite the availabiliy such a variety of systems,
exploring scholarly data remains challenging, eglgconce we move away from
basic search (for authors or publications) and iweta capture the dynamic elements
to do with research trends and relationships betwaathors (which go beyond
citation and collaboration), or we aim to perforrpert search at a very fine-grained
level —e.g., by searching for researchers with giggein multiple topics, at a certain
career stage, within a certain geographical arba, vave a track record of publishing
in the top conferences associated with one or plaltiesearch areas, etc. In what
follows we will discuss these issues in more detahhlighting the key gaps that
Rexplore aims to address.

2.2.1 No semantic characterization of research areas

A key precondition for an effective exploration e€holarly data concerns the
mapping of people and publications to the relevas¢arch areas. However, ‘research
area’ is rarely treated as a first class concegtilmstead systems tend to use keywords
as proxies for research areas. This limitation teea number of problems. For



instance, the Arnetminer page for Enrico Mottades “International Semantic Web
Conference” as a research interest, even thougranas interests should arguably
concern topics rather than conferences. A similar problem ocarséen by looking at
the Microsoft Academic Search (MAS) page for Eniidotta, which lists three high
level ‘fields’ for him, “Database”, “Web”, and “Aificial Intelligence”, and then
supplements this information with a number of kesagp including “Case Study”,
which (again) is arguably not a research area.

Another problem stemming from a syntactic, rathesint semantic, treatment of
research areas is that systems do not take intmuatimportant semantic relations
between research areas, such as an area beingaaesubf another one, or two labels
referring to the same research area. This problsrbeen traditionally addressed by
relying on manually curated taxonomies, such as #Hh@M classification
(http://www.acm.org/about/class/). However thesessifications suffer from several
problems. First of all, they are very shallow —&xample the entry “Intelligent Web
Services and Semantic Web” in the ACM classifiaatimly contains four sub-topics,
thus failing to reflect the variety of topics beingckled by the Semantic Web
research community. In addition, because they anmeually curated, they evolve very
slowly and as a result, they fail to reflect thte$d research trends. Finally, they are
actually very opaque, as it is not clear what db@sean for a topic to be classified
under another topic. For instance, “Ontology Lammsd is classified under
“Intelligent Web Services and Semantic Web”; howewgae could argue that it is
strange to say that the former is a sub-topic @& latter, given that ontology
languages were being designed well before the Sim@feb was recognized as a
research area. In addition, these classificatianaat cater for situations where there
are different ways to refer to the same area. Rstance, most people would agree
that the labels “Ontology Matching” and “Ontologyighiment” refer to the same area
of research.

2.2.2 Lack of granular analysis

Systems such as MAS provide ways to visualize rebgaends. However, these are
considered at a very high-level of abstraction. Egample, MAS can visualize
publication trends in “World-Wide-Web” and “Datalea$, but cannot provide this
feature for “Semantic Web”, let alone more fineigea topics, such as “Semantic
Web Services”. However, both researchers and stsidend to be interested in rather
fine-grained trends — e.g., what's happening withked Data, rather than what's
happening with the Web. A wider range of topicspi®vided by Arnetminer,
however these still cover only a subset of theaesetopics (e.g., key topics for the
Semantic Web community, such as “Linked Data” a@atblogy Evolution” are not
included) and in addition they are provided asaa Ift, rather than in a structured,
easily navigable form.

2.2.3 Digital library bias

Another limitation of most existing systems in tbentext of the sensemaking tasks
that we wish to support is the emphasis on clatdigital library functionalities, such
as supporting search for publications and providiibgtion services. While of course

1 In what follows, we will use the terms ‘topic’ atrésearch area’ interchangeably.



these are key functionalities and essential bugldiltocks for more advanced services,
they do not necessarily provide the right levelopport when the goal is to make
sense of what goes on in a research area, ratertdhidentify a specific paper. For
instance, in the example given in Section 1, whereesearch area needs to be
investigated in the context of making a decisioowta special issue proposal, what
is needed from a system is the ability to suppoet dser in identifying quickly the
important trends in the area —such as, whethsrgtawing (and in this case where are
the new researchers coming from) or shrinking (&mdhis case where are the
researchers migrating to), rather than followingt@n links or locating a specific
paper. Another negative side-effect of this ‘bigs’'the aforementioned problem
highlighted by Dunne et al. [1], concerning theklad an integrated environment,
supporting a seamless exploration of the spacecbblarly data, as opposed to
providing ‘atomic’ functionalities, to do with statvisualizations or search and
citation services, which is the situation with mostrent systems.

3 Overview of Rexplore

The goal of Rexplore is to provide an environmeapable of overcoming the
limitations discussed in the previous section tppsut users effectively by enabling
them i) to detect and make sense of the importamds in one or more research
areas, i) to identify researchers and analyze rtr@ademic trajectory and
performance in one or multiple areas, accordingatovariety of fine-grained
requirements, iii) to discover and explore a varief dynamic relations between
researchers, between topics, and between reseamhértopics, and iv) to support
ranking of specific sets of authors, generated utjino multi-dimensional filters,
according to various metrics.

Rexplore addresses the problem of the lack of aam#m characterization of
research areas by introducing a fine-grained, aaticaily populated topic ontology,
in which topics are identified and structured adawg to a number of semantic
relationships [13]. The resulting knowledge basgererated using a combination of
statistical methods and background knowledge orb#sés of a large-scale corpus of
publications (Section 3.1) and is then augmented with geograpficrmation
(Section 3.2). Research topics can then be browsedanalyzed by means of a
variety of visual analytics solutions, which explthie rich set of relations in the data,
and in particular the fine-grained characterizatafnresearch areas (Section 3.3).
Authors can be investigated by plotting a numbemetrics on a timeline, and their
associated research areas can be analyzed aediffevels of abstraction (Section
3.4). Powerful query/search facilities are alsovjted, supporting complex multi-
dimensional queries that can include logical cotimes (Section 3.5). Finally,
Rexplore also takes advantage of the fine-graieetbstic characterization of authors
and topics, to introduce novel relationships betwaathors, which go beyond co-
authorship and focus on their similarity with resp ‘semantic’ features, such as
research interests and academic trajectories (Pe81b).

As shown in Figure 1, Rexplore integrates a var@tylata sources in different
formats, including: DBpedia [14], DBLP++ (http:/Agkd3s.de/dblp.rdf.gz), the MAS
API, GeoNames (http://www.geonames.org/), and paveeb pages (e.g., Wikipedia,
Google Scholar). The publication and author metadaed in the current version of
the system, Rexplore v2.0, come mainly from MAS &®lLP++. The process of



generating the populated topic ontology exploiferimation collected from Google
Scholar, EventSeer (http://eventseer.net/) and p&ikia. The geographic information
and the standardization of the affiliations rely imfiormation from DBpedia and
GeoNames (see Section 3.1). As of April 2013, Ranepintegrates metadata on 20
million papers and 2 million authors. The back-efdRexplore is implemented in
PHP, while the interface and the visualizations iar&eiITML5 and JavaScript. The
interface uses the Highcharts (http://www.highchadm/) library, and also builds on
a heavily modified version of Jit (http://philogktwb.iofjit/).
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Figure 1. Rexplore Architecture.

3.1 Ontology population with Klink

Rexplore does not consider topics as simple keysyoliit relies on an OWL
ontology, which characterizes research areas aid riflationships. This ontology is
automatically populated and periodically updatedhsy Klink algorithm [13], which
takes as input a corpus of publications, annoteiigd keywords (these can be user-
defined or automatically extracted from the textagbublication) and performs three
key operations, using a combination of statisticabthods and background
knowledge:
* It identifies research areas from the given sékegfvords, tidying them up by
fixing errors and by removing keywords that do denote research areas —
e.g., “Case Study” or “NeOn Project”.
* It automatically computes three types of semanétationships between
research areas — see below for more details.
* It returns a knowledge base of semantic relatiggssbkpressed in OWL.
In particular, Klink computes the following threglationships between topics:

« skos.broaderGeneric. This is used to indicate that a topic, 3ayis a sub-topic
of another topic, sayl,. For instance, “Semantic Web Services” can be



characterized as a sub-topic of both “Semantic Wt “Web Services”.
contributesTo. This is defined as a sub-propertysibs:related and it is used
to characterize relations where there is evidege¢héred through statistical
methods and/or background knowledg®t research in topi€; is seen as an
important contribution to research in tofig but it would be incorrect to say
that T, is a sub-topic ofl,. An example is the relation between “Ontology
Engineering” and “Semantic Web”, where there im#igant evidence that
results from the former are relevant to the latber, it would be incorrect to
say that “Ontology Engineering” is a sub-topic &&mantic Web”, given that
it is a much older research area than “Semantic”\&et, even today, there is
a lot of work in Ontology Engineering, which is dad out independently of
Semantic Web research.
relatedEquivalent. This is also defined as a sub-propertyafs:related and it
is used to indicate that two keywords, e.g., “Oodgl Matching” and
“Ontology Alignment” are simply different labelsrfthe same research atea
Our ontology builds on the BIBO ontology, which in turn buildsy SKOS!
FOAF? and other standards. Our extensions are very n@tse and comprise only
the relatedEquivalent and contributesTo object properties described earlier, and the
classTopic, which is used to refer to research topics. Tisaltemg OWL knowledge
base is exploited to support knowledge-based eaxjidor, pattern extraction and
author clustering in Rexplore. Currently it compgsl1500 topics linked by almost
3000 semantic relationships. A detailed descriptibiKlink, including an empirical
evaluation of the algorithm can be found in [13].

3.2 Geographic Enrichment

The data sources used by Rexplore offer in mostscasly the name of the author’s
affiliation (e.g., Universities, Research Labs, pitals), which is usually derived
from parsing research papers and thus it is sirmglgted as a string. As a result,
affiliations may in some cases lack the actual gmglgcal location or may use
different ways to refer to the same institution g=e.“University of Turin” and
“University of Torino”. Since a correct affiliatiotinked to the correct geographic
location provides valuable information for filtegirand exploring authors, we use a
simple but effective geographic enrichment procedwhich i) defines a standard
name for each affiliation, avoiding duplicationsydaii) maps the affiliation to

2 Here we could have use®wl:sameAs, given that Rexplore functionally treats two
relatedEquivalent topics as being the same one. However, from &tezpological point of
view, it can be argued that this would be too gfrarcommitment and that in other scenarios
one may want to consider topics with different nanas different ones. Hence, to avoid
overcommitting our ontology, we have introducedridatedEquivalent property.

3 http://kmi.open.ac.uk/technologies/rexplore/ontids/BiboExtension.owl.

4 The most recent specification of the SKOS modelhictv can be found at
http://www.w3.0rg/TR/2009/REC-skos-reference-2009081proposes a new property,
skos:broader Transitive, to support the representation of transitive hidraal relations.
However, our ontology currently sticks to the ol&¢OS specification, primarily because it
builds on the BIBO ontology, which in turn builds tre 2004 SKOS model.

5 http://xmins.com/foaf/spec/.



GeoNames, a well-known geographic database. Theegwme uses initially
Wikipedia to retrieve a ‘standard’ identifier fdnet affiliation and then searches for
the location associated with the affiliation in DRja. If the latter search is
unsuccessful, then the Wikipedia page is parsethétag “location” from which city
and country are extracted using a set of heunistes. After recovering information
about the city or the country, the affiliation ispped to the correct GeoNames ID. If
the search for affiliation and/or location in Wikigha/DBpedia fails, then the
affiliation name is stripped of a set of typicaines, such as “university”, “college” or
“hospital”, and the remaining string is searchedifothe GeoNames database. This
simple method provided good results, allowing uscdéorectly map disambiguated

affiliations to GeoNames in about 85% of the cases.

3.3 Topic Analysis

Rexplore takes advantage of the Klink-generated OWfHowledge base by
considering every publication tagged with topicto be also about topit,, if T, is
broaderGeneric than T;, or relatedEquivalent to T, (it should be noted that
broader Generic is transitive). This has a dramatic effect on tbeliy and dimension
of data available for each topic: for example, &nowledge base includes 11,998
publications tagged with thgring “Semantic Web”, while the publications regarding
the topic “Semantic Web” (including sub-topics, such as #ad Data”) are almost
double (22,143).
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fons: 401 - Total citations: 10304

this topic (2005) : 14 - Citations in this topic (2005) : 544
30 - Total citations: 12077

topic (2005) : 13 - Citations in this topic (2005) : 488
21 - Total citations: 1761

Figure 2. Exploring the topic “Semantic Web” in Rexplore.

For analyzing a topic, Rexplore provides an intefdahat includes: i) general
information about the topic, ii) access to the vatg authors and publications, iii) the
topic navigator, iv) visual analytics otroaderGeneric andcontributesTo sub-topics,
and v) visual analytics on authors’ migration patsefrom other topics to and from
the topic in question. As an example, Figure 2 shthe page for the topic “Semantic
Web”, which (on the left) includes basic statistiascess to basic functionalities, and
the topic navigator showing the relevant fragmerthe topic hierarchy generated by
Klink. On the right hand side of the figure, a bgtam is shown, as the user has
selected to visualize the publication trends faeeech in Linked Data, OWL and
RDF. In particular, Figure 2 shows that the Linkaata area has exploded in the past



few years, while research in OWL appears to hasetred a plateau.

Rexplore is able to visualize different topic trend) publication trends, 2) author
trends and 3) migration trends. The first two &eeriumber of publications or authors
associated with a semantically enriched topic dmaline. The latter is defined as
the number of estimated migrations between twocphd is computed by analyzing
the shifting in authors’ interest, as describefiLbl.

3.4 Author Analysis

Every author in Rexplore has a personal page wihdtudes i) general bio
information, ii) author’s scores according to diffet bibliometric measures, iiippic
analysis, iv) co-author analysis, v) pattern analysis, and vi)graph view. The page
offers the possibility of deploying more than 2€fetient charts to plot each metric as
a function of time. Thdopic analysis makes it possible to browse and plot on a
timeline the main research areas in which the auths published or was cited. The
topics and sub-topics are displayed in a multiléiétlin such a way that it is possible
to choose the granularity level. For example ip@ssible to conduct a high level
analysis by focusing on the main topics (e.g., “8etic Web” or “Artificial
Intelligence”) or otherwise to zoom in one of thérg., “Semantic Web”) and further
analyze its sub-topics in details, exploiting tleenantic structure generated by Klink.
The co-author analysis section ranks the co-authors according to the mrundf
publications or citations they have in commonslaiso possible to select a number of
co-authors and visualize their collaboration witk uthor in question by year and by
topic. Thepattern analysis section groups authors with a similar publicatioitations
pattern and can be also used to forecast futurbcptibn activity and impact for an
author (in particular one at a reasonably earlg@&astage). Thgraph view will be
discussed in detail in Section 3.6.

3.5 Faceted Search and Data Browsing

Rexplore offers a number of facets to be used Hmtlthe formulations of complex
search queries and for context-based data navigatiol analysis. Indeed, both the
topic and author analysis interfaces offer the ibilgg of focusing on specific
combinations of facets, in order to allow the ugersavigate/retrieve data according
to specific dimensions. For example, authors cafilieeed by 1) name or a part of it,
2) career range (that is the time from the firsbljgined work), 3) topics of interest
and 4) venues in which they published. Both veme tapic fields accept multiple
values, which can be combined using logical corimest Hence it is easy to
formulate complex queries, e.g., to retrieve cay@emg authors, who have worked
in both “Semantic Web” and “Social Networks”, aralh published in ISWC.

The results can be ranked by a variety of methes, ffor author-centric searches,
include: 1) number of publications, 2) number déttons, 3) H-Index, 4) G-Index, 5)
HT-Index, 6) GT-Index, 7) number of publicationsdtions in a topic or set of topics,
8) number of publications/citations in a venue et af venues. Here it is worth to
highlight that the fine-grained structure of resbeaopics generated by Klink supports
the definition of fine-grained impact metrics, suab “citations in topics”, which
allow to measure very specific elements of académpact.

HT-Index and GT-Index are based on the standarddéx and H-Index, however
they are normalized by the number of average oitatin each topic. Hence they are



useful for comparing authors who publish in fieM#h different levels of field-
specific impact.

Often users want to start the data exploration ggedrom the query results, for
example by analyzing each one of a number of asthtexplore assists this seamless
navigation by remembering the specified searchrfilt-e.g., when switching from a
list of results to a graph view.

3.6 The Graph View

The graph view is a novel, highly interactive tool to explore thgace of authors and
their relationships using faceted filters. It talessinput one or multiple authors and
displays their relations allowing the user to cleamong a variety of types of links,
ranking criteria, and filters. As an example, iglte 3 we show the graph view
displaying the authors most similar to Enrico Madtecording to the temporal topic
similarity, a novel metric which reflects the siarity of people's research trajectories
with respect to the temporal sequencing of theseaech interests. The radius of the
nodes in the graph reflects the number of his/hdaipations in the Semantic Web
area. Other author ranking measures, as discusdld previous section, can also be
used. Users can also choose from six types ofioemtbetween authors: co-
publication, co-citation, topic similarity, tempadtapic similarity, publication pattern
similarity and citation pattern similarity.
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Jurgen Dorn
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| Semantic Web |

= == 7 Enrico Motta
Nigel R- Shadbolt NSy S
Arthur Stutt

Suggest venues from topics jnhn Dnmingupr

| | Charles Petrie
Jurgen Angele S Rudi Studer
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Figure 3. A graph view in Rexplore.

The topic similarity reflects how similar two autkoare with respect to their
research topics and takes advantage of the fineegtdopic structure generated by
Klink and its semantic characterization. A naiveywa compute it would be to
directly compare the vectors representing the nurabeublications associated with
a keyword. However, treating topics as stringsnasy systems do, would yield poor
result. In fact, keywords referring to a relatedagrto a sub area, or even indicating
the same topic with a different name would be abersid different. For example, a
prominent author in the field of Linked Data wouldhve most of his or her
publications associated to a “Linked Data” keyworhd may be considered
uncorrelated to authors who have papers tagge8eméntic Web”. Thus we exploit



a variation of the semantic enrichment procedureadly mentioned in Section 3.3 on
the publication vectors of the authors, assignicheublication on a topic also to its
broaderGeneric or relatedEquivalent topics. However, in this case we want also to
include contributesTo relationships, which yield important informationttmannot be
handled in the same way. In fact, it is not autéentitat a paper published under a
topic (e.g., “Ontology Engineering”) is also abatg contributesTo topics (e.g.,
“Semantic Web”). It seems however appropriate te tise probability that the
contributing topicT, refers to a certain topi€, to assign an additional bonus Ta
Thus, in case of eontributesTo(T, T>) relationship, we assign @@ only a fraction of
the publications i, according to the formula:

n

CT(T) = ZP(T|Ct(i, )"

i=1

whereT is a topic,n is the number of publications of an author thatrat already
associated witfT but have at least one topic incantributesTo relationship withT,
ct(i,T) is the set of topics associated with théh publication that are in a
contributesTo relationship withT, P(T|ct(i, T)) is the probability for a paper with the
set of topicsct(i,T) to be also explicitly associated with ar€a(or with a topic
having a broaderGeneric or relatedEquivalent relationship with T) before the
publication date of theth paper and is a factor which modulates tleentributesTo
relationship (empirically set to 0.5 in the proty.

By taking into account the publication date of epelper, the formula considers
also the changes in topic relations over time. &a@ample a paper about “Ontology
Engineering” in the year 2001 would have a lowerhaibility to be about “Semantic
Web” than a paper about the same topic in 201Qtaum should contribute much less
to “Semantic Web” in the author publication vect®he topic similarity is finally
computed as the cosine similarity between the stoadlly enriched vectors of
publications.

The temporal topic similarity builds on the topim#arity measure and makes it
possible to identify groups of researchers who app®zbe following similar research
trajectories, sharing research interests and mofrmign one topic to another in a
similar way. In particular, this is very useful itentify the various sub-communities
that populate a particular research area. The teahgopic similarity takes into
account the order and the time span in which ahaautas published on a certain
topic and is calculated as the weighted averagaeotopic similarities computed on
different time intervals. Thus, if author A worked T, and then moved t®,, he or
she may be similar to author B who was originatlyTy and then moved td; in
terms of topic similarity, but will be different terms of temporal topic similarity.
Finally, the publication/citation pattern similariteflects how similar two authors are
with respect to their career progression in terfnmauonber of publications/citations.

The graph view also provides a variety of standaterface operations, such as
changing the level of granularity in the view, ergig, closing, or hiding nodes, etc.
In addition, both nodes and links can be filterathwespect to specific years, topics,
and venues. For example, it is possible to custemigraph and visualize only the co-
authors of a particular researcher, who have betvie@and 15 career years, have
published in both Linked Data and Social Netwoegks] have publications in CHI.



4 Empirical Evaluation

4.1 Experimental Setup

For the evaluation we enrolled 17 PhD students @s@éarchers drawn from the
members of the Knowledge Media Institute in UK &hd University of Turin in
Italy. None of these subjects had been involvethenwork on Rexplore, or indeed
knew the system prior to the evaluation sessionthAtbeginning of the evaluation
session, every subject filled a questionnaire ab@iher research experience, topics
of interest, and familiarity with a list of systertigt included Google Scholar (GS),
MAS, DBLP, and Citeseerx. This was followed by a-niutes tutorial about
Rexplore and then the subjects were asked to petfoe activities listed in Table 1.

Activity 1. Carry out the tasks shown in Table 2 using Rexplore.

Activity 2. Select one of the three tasks in Table 2 and attéonachieve it using eithg
Google Scholar (GS) or Microsoft Academic SearciAG)l

Activity 3. Suggest a task you would consider valuable andimeit using Rexplore.

=

Table 1. Activities in the Evaluation Process.

The rationale for selecting GS and MAS as contystems was that GS is the most
widely used bibliographic search engine, while Mg®vides a number of features,
in terms of time-based visualizations, which golwelyond what is provided by GS.

Warm-up Task. Find the 3 main co-authors (in any field) of thethmw with most
publications in the topic User Modelling.

Task 1. Find the top 3 ‘rising stars’ in the United Kingdawith expertise in botBemantic

Web and Social Networks, in the career range 5-15 years from first pulibca ranked in
terms of number of citations in these 2 areas.

Task 2. Find the top 5 authors with the highest numbguuddlications in the&Semantic Web

and rank them in terms of number of publicationairitificial Intelligence. For each of then
find their most cited paper ifrtificial Intelligence.
Task 3. Which are the 2 sub-topics 8mantic Web that have grown the most in 2005-201.0
(as measured by the difference between the nunflpapers in 2010 and in 2005) and who
are the top 2 authors (ranked by number of pulidioatin topic) in these 2 topics.

Table2. Evaluation Tasks.

Each task was recorded with screen capturing soétwead the time taken for
completion was measured; if a task was not sohitliiml5 minutes, it was recorded
as ‘failed’. Tasks not completed within the tinmit were considered as 15 minutes
performance. After completing the various tasks,1f participants were requested to
fill in a usability SUS questionnaire [16] and aceed questionnaire about the
strengths/weaknesses of the tested systems. Oagavéhne total time required to
complete each evaluation session was slightlyttess 2 hours.

In contrast with other evaluation studies —e.ge g&7], where participants were
divided in different groups and each group would asdifferent tool to perform the
same set of tasks, here we did not carry out &htfarward ‘tool shootout’, but we
instead implemented a more faceted experimentaigmlesomprising usability
guestionnaires and a task-centric evaluation, #&ul @oviding the participants with
the opportunity both to suggest their own tasks alsd to try out other tools. The



reason for this is that GS and MAS do not direstipport the kinds of sensemaking
tasks for which Rexplore offers support, henceoal‘shootout’ would have provided
little valuable data and most likely caused a hldgyree of frustration for the subjects.
For this reason we decided to focus the bulk of é&valuation on identifying
opportunities to evaluate and gather feedback omlee, while still collecting some
comparative data.

The tasks given to the subjects cover common simenty do with expert search
and trend detection. Task 1 is a common expertbkdask —e.g., for research leaders
who wish to identify ‘new blood’ to fill a certaiposition. Task 2 is also a common
expert search task, where, given a pool of peojileexpertise in topic A, we want to
identify the person in the pool that can be consideas the top expert in topic B.
Task 3 is about detecting trends and analyzingarebdopics. It is a common task for
many professionals, such as managers in reseandinfubodies, who may wish to
identify which areas appear to be particularly *lwdthin a broader research field.

4.2 Results

In Activity 1, the 17 subjects were able to comgleiithin the requested 15 minutes
50 of the 51 (17*3) tasks using Rexplore, with &98uccess rate. The only failure
was registered in Task 2. Task 1 was the simplestamd was performed on average
in about 3 minutes. In fact this task required athlg ability to formulate a complex
query, followed by the manual identification of annber of authors. Task 2 required
a more complex exploration of the system, since uber had to first select five
authors and then explore them using the graph wiethe author analysis page, to
find out their contributions in Artificial Intellignce. Task 3 required the use of visual
charts showing the publication trends of the syde® and the use of the topic
navigator to identify the best authors.

Rexplore (N=17) MAS (N=9
Task1l | Task2 | Task3 Task 1 Task 2 Task 3
(N=6) (N=2) (N=1)

Average Time 3:06 8:01 7:51 14:46 13:52 15:00
Standard Dev. | 0:45 2:50 2:32 0:24 1:35 00:00
Success Rate 100% 94% 100% 33% 50% 0%

Table 3. Experimental results (in min:secs) using Rexplora BMAS. The tasks performed
with GS yielded no success, thus their average isrbg definition equal to 15:00.

In Activity 2, eight subjects were asked to workhwGS and nine with MAS. Task
1 was chosen by 6 users on MAS and 5 on GS, whaigk P was chosen respectively
by 2 and 3 subjects. Task 3 was perceived by thgsts as practically impossible to
do with a system without a fine-grained topic asayfunctionality, and as a result
was tried only by one subject (using MAS). Onlyetinpeople out of nine completed a
task with MAS (overall 33% success rate) and nonhallawith Google Scholar.
Hence, the success rates of the three systemsgaificantly different: the two by
two table comparison between Rexplore and MAS amalywith a Fisher test (a
standard statistical significance test used inahalysis of contingency tables when
the numbers involved are small) yields p=l@Ghereas the three by two table
including also GS yields p <10 Incidentally, the users who were able to coneplet
the chosen task on MAS (2/8 for Task 1 and 1/2Tiask 2) were among the best



performers in Activity 1, and required for the satagk about 5 times longer on MAS
than on Rexplore, even after having already subdésscompleted the task in
Rexplore. Table 3 summarizes the time employedherassigned tasks on Rexplore
and MAS and the relative success rate —i.e., tmbeu of jobs completed correctly
within 15 minutes.

An important question when using a tool for naviggta research area is how
much prior knowledge of the domain affects taskfgremance. The results of the
evaluation show that the average time for compietive three tasks by subjects with
expertise in Semantic Web (that is the main aretheftasks) is not significantly
different from the one obtained by the others (p30according to the t-test).
However, the experts in tools for exploring acadedata, who are active in fields
such as Bibliometric and Learning Analytics, warstéad able to get acquainted with
the Rexplore system much more quickly and use itengffectively than the other
subjects. The average time of the former grouphertliree tests was 5:01+0:02 min,
against 6:52 + 0:06 min of the latter (p < 0.022 the contrary, no correlation was
found with the usage of other tools for academipl@mation, such as GS, MAS,
DBLP, ACM, Citeseerx and Scopus. Hence the dateanspto show that no domain-
specific expertise is needed to use Rexplore toensanse of a particular research
area, while at the same time the tool does notlizenaxperts in Bibliometrics and
Learning Analytics, who are used to carrying oasthkinds of analyses.

The tasks proposed by the subjects in Activity Jewa good mix of routine
searches and creative queries, and thus the penfimes cannot be directly compared.
59% of the subjects chose to investigate a singtboa, using mainly the topic
analysis and the graph view, whereas 23% of thesfeped to explore a research
area to understand better its migration patterrts teends. The ability to filter by
multiple topics or using them for author analyseswvidely appreciated: 71% of the
proposed tasks involved topic filtering or topicabssis on an author or group of
authors. The integration of the different Rexpléwactions made it possible to try
particularly interesting exploration tasks: for ey@e, a particularly creative subject
tried to find a better affiliation for an author tgnalyzing organizations, topic
similarity and prominence of the researchers cateteto him through the various
links provided by Rexplore (incidentally, he opfed MIT).

15 out of the 17 subjects considered their sugdesisk satisfactorily concluded.
One of them was unable to complete her proposddbiasause of problems with the
original data tagging: the subject was searchimgpfipers of a certain author about
Semantic Web, which were actually tagged only asd\Wledge Base” in the original
data which Rexplore uses. This suggests that iglgixclusively on user-defined
keywords may not be sufficient and even when tlaesevailable, it may be useful to
refine them by analyzing the abstract or the &t of the paper.

Rexplore reached a score of 75/100 on the star@disl usability test, based on
ten multiple-choice questions. A score of 75 carctweverted to a percentile rank of
72%, meaning that the usability of Rexplore wassmered equal or superior than
72% of the 500 tested systems. In particular 94%hefsubjects agreed or strongly
agreed on the fact that the functions of the systeamwell integrated and 82% stated
that they would be happy to use Rexplore for thairk.

The post-task questionnaire included three sectibmghe first and second parts
the users were asked for their opinions about tigpart given by Rexplore and
GS/MAS for the assigned tasks. In the third pagytivere asked to comment about



the support provided by Rexplore for the task satggeby them.

In the first section, 94% of the subjects descriBakplore as “very effective”,
while 18% described it as “easy/natural/intuitivé&mong the most useful features
were the faceted filters (59%), the visualizatibifts (47%), the graph view (47%)
and the semantic characterization of topics (4IRkg main weaknesses of Rexplore
were found to be its visual complexity (41%) anchat always well-evidenced
navigation context (35%). Indeed, according to samsers, the high number of
functionalities offered by Rexplore may also beraweeliming.

When asked to suggest new features that woulditéeil their exploration of
academic data, 23% of subjects suggested some f'nimtesface change”, especially
in the direction of solving the aforementioned peo of “making the context clearer
in any moment” (18%). 23% of them thought Rexpldié not need any additional
features and 18% proposed additional filters. Otbatures that the users suggested
include a natural language interface for formulatiomplex searches and the ability
to retrieve and search the full text of a publimatirom within Rexplore.

Trying to perform the kind of task described in Teab with MAS or GS frustrated
the users: 88% of the subjects using MAS and 89%guGS described the support of
those systems as ‘“ineffective”. The reasons ofr tfreistration were various: not
effective contextual filtering (77% MAS, 65%GS),salnce of semantic/structured
topics (56% MAS, 63%GS), and poor support for camfrhultidimensional queries
(33% MAS, 50% GS). Finally, the support provided Rgxplore for user-defined
tasks (Activity 3) was also rated positively. 76%tbe participants defined such
support as “effective/very effective/unique”, whil®% of them, though they were
able to complete their task, found some “minor prots”, usually to do with missing
filter options. Indeed it seems that users couldvidb a variety of filters well beyond
what it is normally considered in these systemg ofnthe subjects suggested a filter
able to discriminate genders, while another askebet able to split publications by
the particular author position (e.g., first or sed¢@uthor). Nonetheless the results of
the evaluation appear very satisfactory, confirntimt Rexplore provide a degree of
support that users consider effective and valufaslperforming real-world tasks.

5 Conclusions

In this paper we have presented Rexplore, a no@atlfor exploring scholarly data,
which integrates a semantic foundation with stastand visual analytics solutions
to support users in exploring and making senselublarly data. The results from the
empirical evaluation confirm the effectiveness lnd functionalities provided by the
tool and show a high value of user satisfactiorpdrticular, users rate very highly the
semantic underpinning of the tool, which argualffpras a major advantage over
other tools in its ability to support i) the visizaition of trends at a very fine level of
granularity, ii) methods to identify ‘semantic’ aions between authors, and iii) fine-
grained multi-dimensional academic expert search.

For the future we plan to extend the tool by enlmnits functionalities through
the integration of other sources of data releva@tcademic activities and we also aim
to address the minor interface issues identifiedhduhe evaluation. We also plan to
add to the number of navigation filters, a featwvkich users appear to value
extremely high. Finally, we are actively discugsinith a number of commercial
providers of scholarly data, with the aim to reteas version of the tool with



comprehensive data coverage for use by the sdeotimmunity.
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