Disambiguating Personal Names on the Web
using Automatically Extracted Key Phrases

Danushka Bollegala' and Yutaka Matsuo 2 and Mitsuru Ishizuka 3

Abstract. When you search for information regarding a particu- pear on passing (for example book reviews on Amazon mentioning
lar person on the web, a search engine returns many pages. Sorag author of a book, conference programs mentioning names of the
of these pages may be for people with the same name. How can wauthors of papers, etc). On the other hand there are cases where an
disambiguate these different people with the same name? This papiedividual has various web appearances. For example the renowned
presents an unsupervised algorithm which produces unique phrasksguist Noam Chomsky appears as a linguist and also as a critic of
to disambiguate different people with the same name (i.e. nhameAmerican foreign policy. It would be interesting to see how a name-
sakes). Our algorithm takes in a personal name and outputs multipkake disambiguation method responds to such complications.
sets of phrases which uniquely identify the different namesakes on Disambiguating namesakes is vital for social network extraction
the web. These phrases could then be added to the query to narr@ystems [14, 17]. Matsuo et al [14], proposes a social network ex-
down the search to a specific namesake. We evaluated the algorithtraction system in which they measure the connection between two
on a collection of documents retreived from the Web. Experimen-personsA andB based on the number of hits for the quéxyAND
tal results show a significant improvement over the existing method8 on a web search engine. However, this method cannot be used to
proposed for this task. create social networks for namesakes because of the ambiguity of the
names. We can easily overcome this limitation by including a phrase

. in the query, that uniquely identifies the person under consideration

1 Introduction from his or her namesakes.

The Internet has grown into a collection of billions of web pages.
One of the most important interfaces to this vast information are welp  Related Work
search engines. We send simple text queries to search engines and re-
trieve web pages. However, due to the ambiguities in the queries arthere is little previous work we know of that directly addresses the
the documents, search engines return lots of irrelevant pages. In thgoblem of extracting key phrases to disambiguate personal names
case of personal names, we may receive web pages to other peojglg the web, but some related problems have been studied. Disam-
with the same namen@mesakgs However,the the different name- biguation of namesakes is similar to tuple matching in databases—the
sakes appear in quite different contexts. For example if we searcproblem of deciding whether multiple relational tuples from hetero-
for Michael Jacksorin Google, among the top hundred hits we get a geneous sources refer to the same real-world entity [8, 1, 9].
beer expert and a gun dealer along with the famous singer. Although From a natural language perspective, there has been a lot of work
namesakes share a common name, in most of the cases they appearthe related problem of co-reference resolution [2, 15]. The goal
in entirely different contexts. For example, in the case of Michaelin co-reference resolution is to link occurrences of noun phrases and
Jackson, terms such asusic, album, triabssociate with the famous  pronouns, typically occurring in a close proximity, within a few sen-
singer, whereas we observe terveer, travel, huntefor the beer  tences or a paragraph, based on their appearance and local context.
expertnamesake. This paper proposes an unsupervised algorithDo-reference resolution is vital for many natural language tasks such
which extracts such uniquely identifying key phrases from the Wehas text summarization, question answering and entity extraction [5].
to disambiguate people with the same name. These automatically exarious algorithms have been proposed for co-reference resolution.
tracted key phrases could then be used to modify the original querfundamentally, these algorithms map the local information around
and narrow down the search. a pronoun to a set of features and use a machine learning technique
Disambiguating namesakes on the Web is a challenging task. T determine whether a given pronoun corresponds to a given noun
begin with, the number of namesakes for a particular name is unphrase.
known. Moreover, not all namesakes are equally represented on the A few works address the problem of personal name disambigua-
Web. In many cases there are two or three famous namesakes whigibn across a collection of documents. Mann, et al [13] considers
have lots of pages about them and all other namesakes have just ot problem of distinguishing occurrences of a personal name in dif-
or two pages on them. Another difficulty is identifying the scope of ferent documents. They proposes an unsupervised algorithm which
the context of a name. An entire web page/site may be written on axtractspeople-specifibiographical information such as birth date,
person (for example home pages and fan sites) or the name may appirth place, occupation etc using a set of regular expressions to clus-
—— — - ter the documents to their namesakes. However, such person-specific
, University of Tokyo, danushka@mi.ci.i.u-tokyo.ac.jp information is not always available for all the namesakes on the web.
Japanese Na_tlonal Institute of Advanced Industrial Science and Technologéven in cases where such information is available, a set of fixed reg-
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tract them. Bekkerman, et al [4] proposes a link structure model an®.2 Term Model

an agglomerative-conglomerative double clustering (A/CDC) based

algorithm to disambiguate a group of people on the web. The algoContextual Hypothesis for Sense§21] states that two occurrences
rithm assumes our ability to obtain information regarding the socialf an ambiguous word belong to the same sense to the extent that
network (associates) of the person to be disambiguated. The methd@eir contextual representations are similar. According to this hy-
can be readily used when we have such information. However, ifPothesis, if the contexts of which two instances of a name appears
most of the situations we do not know well enough about the asare similar, then we could infer that both the instances of the name
sociates of the person which we want to disambiguate. Pedersen &€long to the same person. In order to achieve this goal, we need a
al. [18] proposes a method for discriminating names by clustering”nOde| that represents all the salient knowledge regarding a particular
the instances of a given name into groups. They extract the conteX@stance of a name. Traditionally, a document is modeled as a bag-of-
of each instance of the ambiguous name and generate second ord¥9rds and represented by a word vector [19]. However, in our case
context vectors using significant bigrams. The vectors are clusterefe context of aninstance of a name may vary from few lines to an en-
such that instances that are similar to each other are placed into sarfié¢ web page. Considering all the words (excluding stop words) adds
clusters. Li, et al [12] suggests an algorithm which could be used t600 much noise. Moreover, a document may not totally focus on the
disambiguate not only personal names but other types of named enfiamesake, but also contain lots of other information. The knowledge
ties such as organizations and locations. They propose a discrimin&ePresentation model should be robust enough to capture the salient
tive model based on agglomerative clustering and a generative mod#élformation for disambiguation.

which uses a language model combined with EM algorithm. Their N this paper, we proposgerm Modelsas our knowledge repre-

experimental results show that the generative model out performs thgentation model. A Term Mod&l(A) = ¢1,...,tx, of a personal
discriminative model. They do not discuss the topic of extracting key’@meA (since we consider each document as representing exactly
phrases to distinguish the different entities. one namesake, we have exactly one term model for each document)
is defined as the set df termst,,...,ty extracted from the con-
text of a personal name. In our algorithm we consider the context of
3 Method a name in a document to be the entire document and extract terms
from the entire document. We u€kvalue[6, 7], an automatic term
3.1 Problem Settings and Modeling recognition algorithm, to extract multi-word terms.

TheC-valueapproach combines linguistic and statistical informa-
tion. The linguistic information consists of the part-of-speech tagging
of the document being processed, the linguistic filter constraining the

Down | oad - Extract Download |_ [Calculate type of terms extracted and the stop lits. The statistical part com-
Web Pages Terms | Snippets Similarity bines statistical features of the candidate string. The linguistic filter
contains a predefined set of patterns of nouns, adjectives and preposi-
tions that are likely to be terms. The stop list is a list of words which
are not expected to occur as term words in a given domain. The com-
Determining the binations of nouns, adjectives and prepositions that are allowed by
Rerank <~ Select <+—|number of —{Clustering the linguistic filter and the stop list are considered as the potential
Terms Terms clusters candidates as terms. Thermhood(likeliness of a candidate to be

a term) is evaluated using C-value. C-value is built using statistical

characteristics of the candidate string, such as, the total frequency
Figure 1. Outline of the method of occurrence of the candidate string in the document, the frequency
of the candidate string as part of other longer candidate strings, the
number of these longer candidate terms and the length of the candi-

] o o date string (in number of words). C-value is defined as follows,
The outline of our method is illustrated in in figure 1. Our method

takes the name to be disambiguated as the input and outputs a list of

key phrases for each of the different namesakes. The first step is to C — value(a) = (1)
collect a set of documents tha_lt covers all the namesakes_ for a given log, |al - f(a) ais not nested,
name. This step could be omitted in cases where a particular name log, |al(f(a) — =3 F(b) otherwise

is to be disambiguated in a given document collection. Collecting a 82 P(Ta) £<4b€Ts

set of documents from the Web that covers all namesakes of a given . . . -
) . .~ where,qa is the candidate stringf(a) is its frequency of occur-
name is beyond the scope of this paper. In our system, to collect in-

formation regarding a particular name we use Godaied download rencen the documenty| is Fhe length of the cand_ldate St.” 0,
. is the set of extracted candidate terms that coniaif?(7,) is the
the top 100 web pages for the given name.

We assume each document in the collection to represent exactfg/umber of candidate terms.

one namesake. This assumption allows us to identify each docu-

ment in the collection with a particular namesake. Thus, the probleng .3 Similarity Calculation

of disambiguation becomes a one of document clustering. We clus-

ter the set of documents such that each cluster represent a differelfit order to cluster the documents using the term model explained

namesake, and extract key phrases from each cluster to identify tH@ previous section, we need to calculate the similarity between two
namesake it represents. documents. Exact matches of terms are rare. Therefore, we would

require a similarity metric which is capable of comparing the terms
4 http:/Aww.google.com/apis at a semantic level. For example, the two ter@sorge Bushand




@e president of the United States”)
(1)0fficial White House site presents | (1)Whitehouse. gov is the official web site for
issue positions, news, Cabinet, the White House and President George W.
appointments, offices and major Bush, the 43rd President of the United States.
speeches. Includes biography, (2)Background information, election results,
video tour and photo ... cabinet members, notable events, and some
(2)0fficial Internet home of the points of interest on each of the presidents.
Republican National Committee. (3)For a list of persons who served as the
Updated daily with news and President of the United States following the
commentary from the RNC. ratification of the United States
(3) George Bush Constitution see the list of ...
(41st President: 1988-1992). (B A history of presidents, the presidency,
(4)Zack Exley's satirical site of politics and related subjects. Includes
George W. Bush campaign, biographies for every president.
now quite overt. (5)... Presidents of the Continental Congress
(5)Parody of official White House as well as information about David Rice
web site. Includes spoof news Atchison who some believe was the 12th
and gossip. President of the United States. ...

Figure 2. Top five snippets extracted for two terms

The president of the United Stai@ closely related but do not have gence to symmetric similarity measusien(p, q), we take the aver-
any words in common. Word Nét based similarity metrics have age divergence as follows,

been widely used as semantic similarity measures between words

in sense disambiguating tasks [16, 3]. However, personal names are sim(p, q) = exp(—l(Sa (p,q) + Salq,p))). @)

not covered in the Word Net. Sahami et al [20] proposes a method to 2

calculate similarity between terms using snippets retrieved by a weln our implementation, we considered the top 100 snippets from
search engine. A Snippet is a small piece of text, containing two 0Google and set = 0.99.

three sentences extracted from the document around the query term.Let T(A) = {a,...,a,} be the term model of document
Most web search engines provide snippets as short summaries of ta@d7'(B) = {b1,...,bs,} the term model of documeri. Here,
search results. ai,...,a, aren terms extracted from documertandb, ..., b,

For example, consider the first five snippets returned by Googlerre m terms extracted from documeft. We define the similarity,
for George Bustand The president of the United Statiesfigure 2. DocSim(A, B), between two document4 and B using their term
Even among the first five snippets for these two terms, we find manynodelsT (A),T(B) as follows,
common terms such d@resident, White House, Official, and, site
etc. For a given term we collect its snippets and construct the dis- DocSim(4, B) = 1 Z sim(ai, b;). (5)
tribution of words in the snippet. The frequency of each word in mn
the collection of snippets is divided by the total number of words.

We compute Kullback-Liebler (KL) divergence, as a measure of disHere,sim(a;, b;) is calculated using equation 4 based on the proba-
similarity of the two terms. For two probability distributiongz) bility distributions.

andq(z), which are defined over a random variablec X, their
KL-divergenceD(p||q) is defined as follows,

a;€EAb;€EB

3.4 Clustering

D(pllq) = Z p(z) log M. 2) We use group-average agglomerative clustering (GAAC) to cluster
zEX q(x) the documents to their namesakes. Initially, each document is as-

dsigned to a separate cluster. GAAC in each iteration executes the

{nerger that gives rise to the clustemith the largest average corre-

lation C(I") where,

Therein, X is the vocabulary. KL-divergence becomes undefine
when there are words with zero probabilities. Skew divergence i
used to overcome this problem [11]. Skew divergeScép, q) is
defined as follows,

1 I =1,
c) = . - 6
Sa(p,q) = D(q|lap + (1 — a)q). (3 0 { %|r|(\%|71) 2 uer 2oper DocSim(u,v)  otherwise. ©)

Thgrein:a € [0,1] is the degree of skewness betwegn the two Qistri-Therein:|F\ denotes the number of documents in the merged cluster
butionsp andg. In order to transform the asymmetrical skew diver- ., andv are two documents i andDocSim(u, v) is given by

5 http://wordnet.princeton.edu/perl/webwn equation 5.




3.5 Cluster Quality 4.2 Disambiguation Accuracy

Ideally. clusteri hould terminate when th b ){\/e assign each cluster to the namesake that appears most in that clus-
eally, clustering process should terminate when the numoer og, (holderof the cluster). Precisior?(C'), of clusterC'is calculated
formed clusters matches the number of different namesakes in th

. . s follows,
document collection. However, in real world problems the number

of namesakes for a given name is not known. Clustering in general P(C) = No of docs in C for its holder (11)
can be considered as an optimizing problem. In clustering we try to; Total No of docs in C

o o o However, some namesakes have lots of documents on them, where
1. maximize the similarity of documents within a cluster, as others are mentioned only in few documents. To reflect this fact
2. minimize the similarity of documents between clusters. in our evaluation metric we defirisambiguation Accuragyas the

] weighted sum of each cluster’s precision. Disambiguation accuracy
We prefer our clusters to be well correlated internally and each of th‘fAccuracy) is defined as follows

clusters to be different among themselves. The quality (goodness)
of the formed clusters can be evaluated based on how well the clusyccypacy —
ters satisfy these two conditions [10]. We definternal correlation

Z P(C) No of docs in the collection for the holder of C
Total No of docs in the collection

CeA
as a measure of how well the first condition is satisfied (i.e. the de- (12)
gree of similarity of documents within clusters). Internal correlation,\Where, A is the set of clusters anbl(C) is given by equation 11.
IntCor(A), of a setA of n clustersey, ca, . . ., ¢, is defined as fol-
lows,
1 1 ,4»*"
I = — . o
ntCor(A) = ety @)
reA -~ 08 ¥

Where,C(I") is the average correlation defined in equation 6. We 5 ; g Vet
define external correlationas a measure of how well the second g 06
condition is satisfied. Using the above notation, external correlation, 3 Quality —

. . . .. . Q H T
ExtCor(A), is defined as the dis-similarity between the two most 5 04f Accuracy
similar clusters im\ as follows, 3 \\

. 2 0.2
ExtCor(A) =1— —— Z Z DocSim(u,v). (8)
|FaHFb‘ u€lg vely, 0
0 5 10 15 20 25 30
f

Where, No of Clusters

(Ta,Ty) = argp, p eamin C(s & T7) 9) (@) Accuracy/Quality Vs No of Clusters

without Quality Threshold
and the operatap denotes the merging operation between two clus-

ters. Using equations 7 and 8 we defi@ikister Quality Q(A), as

follows, 1 fﬂ
Q(A) = X (IntCor(A) + ExtCor(A)). (10) e
2 0.8 o
To label the clusters we select all the terms that appear in a cluster -
for a certain namesake but do not appear in other clusters. g 06
5 ~ Wth Threshold ——
§ 0.4 Wthout Threshold -
4 Results and Discussion
0.2
4.1 Test Data
0

We evaluated our algorithm on pseudo names as well as naturally am- 0 5 Ncl)oof g’ust g?s % %0

biguous names. For automated pseudo name evaluation purposes, we

collected 150 (50 per person) document.s from thg web for three dif- (b) Accuracy Vs No of Clusters, with and

ferent people for conflation. Our collection contains documents for without Quality Threshold

Maria Sharapovathe tennis playerBill Gateschairman Microsoft

andBill Clinton former president of the United Sates. We then re-

place every occurrence of these names in the documentgpevison- Figure 3. Effect of the quality threshold

x. We evaluate the algorithm on naturally ambiguous names such as

Jim Clark, William Cohen, Tom MitchedindMichael Jacksor®. To

evaluate our algorithm on people with different web appearances we

tested foNoam Chomsky Figure 3(a) depicts the accuracy/quality vs the number of clusters
in the experiment with pseudo names. It shows that accuracy approx-

6 This collection contains 50 documents per ambiguous name Imately correlates with cluster quallty This relationship enables us to




guide the clustering process based on unsupervisedly calculated clus- Conclusion

ter quality. Moreover, figure 3(a) shows that accuracy drops steadil
as the number of clusters decreases. This is due to the outliers th
get attached to the otherwise pure (representing the dominant nam@-e

e proposed and evaluated an algorithm to extract key phrases from
web, to disambiguate personal names. The algorithm is unsuper-

sakes) clusters. To avoid this, we terminate clustering when clustefiSed and uses a cluster quality metric to determine the number of

quality drops below a fixed threshold and classify the remaining doc-

namesakes. Our experiments show encouraging results. In future, we

uments to the clusters. As seen from figure 3(b), this procedure préntend to explore the possibilities to extend the proposed method to

vents ill-formed clusters and yields high accuracy values. We expe
imentally set the cluster quality threshold(®.

I;;ﬁsambiguate other types of named entities.
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