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1 Introduction

While Entity Linking (EL) has seen much devel-
opment over the years (Bunescu and Pasca, 2006;
Milne and Witten, 2008; Ratinov et al., 2011;
Yosef et al., 2011; Usbeck et al., 2014; Waitelo-
nis and Sack, 2016), it is hindered by several lim-
itations when applied to Cultural Heritage (CH)
collections. Most notable is a significant under-
representation of entities in common Knowledge
Bases (KB) such as DBpedia (Agirre et al., 2012;
Van Hooland et al., 2015; Munnelly and Lawless,
In Press). A possible solution is to construct more
specific KBs from resources used by scholars in-
vestigating CH material.

The overarching research related to this paper
investigates methods of performing EL on primary
source Irish historical archives. Two resources
used by historians in this domain are the Oxford
Dictionary of National Biography (ODNB)! and
the Dictionary of Irish Biography (DIB). Both
are collections of biographies written by histori-
ans with a single entity usually being the focus of
the text. Titles contain the subject’s forename, sur-
name and variant names, and links between related
biographies exist in the text of each article. Hence
they exhibit structural properties similar to those
that originally made Wikipedia a useful KB for
EL. They are of greater specificity to the history of
the British Isles than other more general resources
and thus may help to fill some of the gaps in DB-
pedia, or at the very least limit the scope of the
linker’s search to entities that are relevant to this
geographic region.

Research by Brando et al. (Brando et al., 2016)
has shown that it is beneficial to EL in CH when
a specialised KB can be integrated with a more
general one. Hence the goal of this work is to con-
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nect entries in ODNB and DIB with their corre-
sponding entries in DBpedia, such that a new KB
built on these resources would be linked with their
counterparts in a larger, more established seman-
tic resource where such counterparts exist. This
also helps to identify entities in ODNB and DIB
which are not yet documented in DBpedia, show-
ing where an EL system that is informed by a KB
based on ODNB and DIB may be better equipped
for linking in Irish historical archives.

2 Method

In order to facilitate the integration of a KB de-
rived from ODNB or DIB with DBpedia, an ap-
proach for linking biographies to their DBpedia
counterparts was developed. First, all DBpedia en-
tities belonging to the class dbo: Person are in-
dexed using Solr. The name of each entity, the full
text of the Wikipedia article from which they are
derived, and anchor text on incoming links to the
article were indexed. Anchor text indicates alter-
native names which may refer to an entity. For ex-
ample, the DIB biography for the 7** Earl of Mayo
uses his full name and excludes his title, “Dermot
Robert Wyndham-Bourke” while the his name in
DBpedia is given as “Dermot Bourke 7** Earl of
Mayo”. Indexing anchor text loosely captures the
equivalence of these two references.

For each biography entry in ODNB and DIB
b € B, the title by;4;. is executed as a query against
Solr. Matches on the title field and anchor text
are boosted over matches in the article’s content.
A list of up to ten top-ranked candidates P is
returned. The best matching DBpedia referent
py, € Py for a given biography is the one that max-
imises the expression:

py, = argmax ¥ (b, p),Vp € Py (1)
P

Where ¥ (b, p) is computed as a linear combi-



nation of content similarity and name similarity.

For a given candidate p € 'Pj, content sim-
ilarity €2 between the biography b.ontent and the
candidate’s Wikipedia article pg¢icre 1S computed
using negative Word Mover’s Distance (WMD)
(Kusner et al., 2015) as implemented in gensim
(Rehﬁfek and Sojka, 2010). This method estab-
lishes a vector representation of documents us-
ing word embeddings and then computes the dis-
tance between points in the two representations.
Similarity is the negation of the normalised dis-
tance. Word embeddings are computed using a
Word2Vec model (Mikolov et al., 2013) trained
on a Wikipedia dump excluding redirects, disam-
biguation pages etc.

The name similarity function @ is based on the
Monge-Elkan Method (Monge and Elkan, 1996).
The biography title b, and name of a candidate
Prame are lower-cased and tokenized. Stop words
are removed yielding two sets of tokens 7 and 7,,.
The sets are added to a bipartite graph with edge
weights computed using Jaro-Winkler similarity
(Winkler, 1990). An optimal mapping 7, — 7,
is found using Edmond’s blossom algorithm (Ed-
monds, 1965) giving WV, the set of weighted edges
which comprise the mapping. Name similarity is
the generalised mean of the edge weights in W as
described by Jimenez et al. (Jimenez et al., 2009)
where m = 2 in this experiment:

q)(b,p) - (

This yields the final formulation of ¥ as a func-
tion of the form:
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Where o and 3 are tuning parameters chosen
such that o + 8 = 1.

A hard threshold 7 is applied to pj, enforcing a
minimum similarity between a biography and its
final chosen referent py:

Py
NIL,
NIL indicates that a biography does not have a
DBpedia counterpart.

if W(b,pp) >

otherwise
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3 Evaluation

The approach described is essentially an EL solu-
tion, hence the BAT Framework (Cornolti et al.,
2013) was used for evaluation. Two ground truths
were derived from a random sample of 200 biogra-
phies obtained from both DIB and ODNB (400
samples in total). Samples were manually as-
signed a DBpedia URI. Where no URI could be
established, a NIL label was applied. Ultimately
64 of the ODNB samples and 72 of the DIB sam-
ples were labelled as NIL.

A threshold similarity of 7 = 0.55 was found to
give the best results when o« = 0.1 and 5 = 0.9,
but the disparity in performance between the two
collections is wide. Based on the evaluation, this
approach achieves a score of 81.5% on DIB, but
only 67.5% on ODNB. Some of the imprecision
stems from Solr as 43.1% of incorrect labels on
ODNB and 45.9% of incorrect labels on DIB can
be ascribed to the correct referent not being among
the results returned by the search engine. It is
likely that the remaining errors with the approach
are due to problems with document length normal-
isation as WMD is a measure of distance rather
than relevance.

4 Conclusion

The approach documented seems promising given
the scores achieved on DIB, but the wide variance
in performance across the two collections indi-
cates underlying problems. Future work will focus
on making the approach more robust in an effort to
eliminate this unreliability.

An objective of this work is to construct a KB
which will be useful for EL on Irish historical
archives. Future work will also investigate the ap-
plications of a KB, which is integrated with other
semantic web resources, for EL, using the ap-
proach presented in this paper.
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