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ABSTRACT

The desire for definitive data and the semantic wele for
inference over heterogeneous data sources requoresference
resolution to be performed on those data. In paeic name
disambiguation is required to allow accurate pution lists,
citation counts and impact measures to be detethmifigis paper
describes a graph-based approach to author disaatlg on
large-scale citation networks. Using self-citati@mp-authorship
and document source analyses, AKTiveAuthor cluspapers,
achieving precision of 0.997 and recall of 0.818rox test group
of eight surname clusters.
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1. INTRODUCTION

As automated information extraction systems becimtreasingly
common, there is an increased demand to know whéetine

similar names refer to the same real-world objechat. This

phenomenon is particularly problematic when consigeauthor
names of research papers or bibliography citatidm& specific

problems exist. Firstly, one author may have midtadiases, such
as ‘Nicholas Jennings’, ‘N. Jennings’ and ‘Nick &ennings'.

Secondly, multiple authors may have a similar nameh as
David L. Harris (Professor of Engineering at Harvsiudd

College) and David L. Harris (Infrastructure Sysselfmgineering
Department, Sandia Labs, Albuquerque).
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Typical approaches taken to solve this name disgunalbion
problem are based on text and language procedsingxample,
Li et al (2005)[3]. However, the approach describethis paper
is based on metadata rather than textual contedtp@ore closely
matches the approach taken by Han et al (2004,)RJ05 his
paper details AKTiveAuthor, a novel approach to pneblem of
automated name disambiguation in the specific ctmta large-
scale citation network. Our approach is centredurdo the
observation that within these citation graphs, géhisra tendency
for authors to cite their own previous work. Thigpeoach can be
used to iteratively tie together papers within &t@wn graph to
eventually yield a collection of papers that shaoédby the same
author. Combining this self-citation approach wittiready-
established procedures for author disambiguatiora(thorship
networks and source URL metadata), a graph of #mds work
can be produced that is generally very complete.

The rest of this paper deals with the specificthefmethodology
used in the experiments (section 2), the resubisti(sm 3) and
finally the conclusions and future work in thisaxsection 4).

2. METHODOLOGY AND EXPERIMENTS
To test the effectiveness of our method, it is Bsagy to check
the results against real-world data, which meansckihg by
hand. While it is envisaged that an applicationebddasn the
algorithm presented here will be run over an entigtion
network dataset (such as that of Citeseer[2], @ta dource for
this work), for the purposes of experimentatioisinecessary to
break down the work into sets of papers small ehahgt they
can be checked by hand. Family-name clusters weosen for
this purpose as the clusters could be producedniyyies parsing,
and would be small enough to allow for by-hand &heg for
each cluster.

The first pass at tying the name-cluster papersthag is to apply
the self-citation graph. Initially, each paper ig p a ‘collection’
of size one. Each paper in the name-cluster isessoely tested
against every other paper within that name-clutdesee if the
second paper is in the bibliography of the firstyige versa. If it
is found that the two papers are linked by a dtatielationship,
the second paper is added to the collection adsdciaith the
first, a link that is only confirmed when the sgnitame-check is
performed. The second and third passes are perdoinre similar
manner, using co-authorship and source URL metadatameans
of testing to see if two authors are the same. Mgdiese steps
require the confirmation of a sanity name-check.



This name-check is based on the observation thdéiths not

possible to say that two people who share a namehar same
person (for instance, manual checking reveals disknct David

Johnsons within Citeseer’'s dataset), it is cenaifelasible to
suggest that two people with different names maydresidered
different people: Norman L. Johnson is differemtnir David E.

Johnson in almost every conceivable case. Thereffere

committing to tying together two author ‘collectsdn the full

names are checked against each other to see ifitheybviously
not the same person.

2.1 Metrics

Before considering the results, it is importanteplain their
format. Unlike Han et al, we are considering theutes from the
point of view of the real-world authors rather th&tom the
collection of test papers we are looking to classs such, a
straight accuracy measure of ‘how many papers @idnatch with
the correct canonical author’ does not work: we lagking to
create ‘canonical authors’ as part of the process. Ouwultse
therefore more closely reflect information retriewark and yield
three metrics: precision, recall and f-measuref].result is
obtained for each metric for each individual papand these
results are then combined as appropriate.

3. RESULTS

Table 1 shows the overall results for the AKTiveldart system
against the eight chosen name-clusters. It is itapbto note that
authors who have written exactly one document ateintluded
in these results: they produce an automatic re$udlt000 for both
precision and recall, which is not useful.

Name (cluster | Precision Recall F-measure
size)

Carr (242) 1.000 0.754 0.860
Giles (414) 0.998 0.935 0.965
Glaser (79) 1.000 0.824 0.904
Hall (644) 0.996 0.783 0.877
Harris (477) 0.992 0.705 0.824
Jennings (389) | 1.000 0.852 0.920
Johnson (2201) | 0.991 0.806 0.889
Lawrence (353) | 1.000 0.883 0.938
Arith. Mean 0.997 0.818 0.899

Tablel. Resultsfor the eight name-clusterstested.

3.1 Analysisof results

The first thing to note is that the precision isisistently much
higher than the recall. This is in line with expaiins: self-
citation will lead to very high precision but wiliot draw in
documents that are outside an author’s main citatetwork.

Secondly, results are better where one author daissna name-
cluster. For example, 277 of the 389 Jennings decsn(71.2%)

are authored by Nick Jennings, while the next hégleentributor
to the group is Jim Jennings from IBM who has 3pepa in
Citeseer. By contrast, the Harris group shows allrexf only
0.705, where the most dominant member of that gidopn G
Harris of the University of Florida) authors only ®ut of 477
documents (7.1%).

Finally, the results for Johnson (2201 total papans Glaser (79
papers) are consistent enough to show that sizeawie-cluster
does not appear to be a factor either way in tlesdyses. As
more data is added to the system, it is expected mhore
complete datasets (both large and small) will ylstter results.

4. CONCLUSIONSAND FUTURE WORK
The purpose behind this work to disambiguate asthierto
provide a number of services based on the citatiaph and
document metadata held in Citeseer. Some of thesdcss
would include “view my papers”, “count my citatidngnd
perhaps in time “calculate my impact”. In termsuskfulness of
data for these services, the results have beenigirgnalthough
it has also been necessary to create a correct@ityf within the
‘view my papers’ service allowing manual disambitmpm
Overall, however, the results are good enough eeguseful and
therefore can be considered a success. Other futorie in the
area of author disambiguation includes investigatiother
methods of tying papers together as well as moviogn a
relational database data source to an RDF-basgléstiore and
data asserted against a standard ontology, alloveagier
integration of future data from heterogeneous sesirc
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