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Abstract: An individual is typically referred by numerous name aliases on the web. Accurate identification of aliases of a given person
name is useful in various web related tasks such as information retrieval, sentiment analysis, personal name disambiguation, and relation
extraction. We propose a method to extract aliases of a given personal name from the web. Given a personal name, the proposed method first
extracts a set of candidate aliases. Second, we rank the extracted candidates according to the likelihood of a candidate being a correct alias
of the given name. We propose a novel, automatically extracted lexical pattern-based approach to efficiently extract a large set of candidate
aliases from snippets retrieved from a web search engine. We define numerous ranking scores to evaluate candidate aliases using three
approaches: lexical pattern frequency, word co occurrences in an anchor text graph, and page counts on the web. To construct a robust alias

detection system, we integrate the different ranking scores into a single ranking function using ranking support vector machines.

Keywords: Web mining, information extraction, web text analysis.

1. Introduction

Searching for information about people in the web is one of
the most common activities of internet users. Around 30
percent of search engine queries include person names [1],
[2]. However, retrieving information about people from web
search engines can become difficult when a person has
nicknames or name aliases. For example, the famous
Japanese major league baseball player Hideki Matsui is
often called as Godzilla on the web. A newspaper article on
the baseball player might use the real name, Hideki Matsui,
whereas a blogger would use the alias, Godzilla, in a blog
entry. We will not be able to retrieve all the information
about the baseball player, if we only use his real name.
Identification of entities on the web is difficult for two
fundamental reasons: first, different entities can share the
same name (i.e., lexical ambiguity); second, a single entity
can be designated bymultiple names (i.e., referential
ambiguity). For example,the lexical ambiguity consider the
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name Jim Clark. Aside from the two most popular
namesakes, the formula-one racing champion and the
founder of Netscape, at least 10 different people are listed
among the top 100 results returned by Google for the name.
On the other hand, referential ambiguity occurs because
people use different names to refer to the same entity on the
web. For example, the American movie star Will Smith is
often

called the Fresh Prince in web contents. Although lexical
ambiguity, particularly ambiguity related to personal names
has been explored extensively in the previous studies of
name disambiguation [3], [4], the problem of referential
ambiguity of entities on the web has received much less
attention. In this paper, we specifically examine on the
problem of automatically extracting the various references
on the web of a particular entity. For an entity e, we define
the set A of its aliases to be the set of all words or multiword
expressions that are used to refer to e on the web. For
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example, Godzilla is a one-word alias for Hideki Matsui,
whereas alias the Fresh Prince contains three words and
refers to Will Smith. Various types of terms are used as
aliases on the web. For instance, in the case of an actor, the
name of a role or the title of a drama (or a movie) can later
become an alias for the person (e.g., Fresh Prince, Knight
Rider). Titles or professions such as president, doctor,
professor, etc., are also frequently used as aliases. Variants
or abbreviationsof names such as Bill for William, and
acronyms such as JFK for John Fitzgerald Kennedy are also
types of name aliases that are observed frequently on the
web.

2. Related work

Alias identification is closely related to the problem of
cross-document coreference resolution in which the
objective is to determine whether two mentions of a name in
different documents refer to the same entity. Bagga and
Baldwin [10] proposed a cross-document coreference
resolution algorithm by first performing within document
coreference resolution for each individual document to
extract coreference chains, and then, clustering the
coreference chains under a vector space model to identify all
mentions of a name in the document set. However, the
vastly numerous documents on the web render it impractical
to perform within document coreference resolution to each
document separately, and then, cluster the documents to find
aliases. In personal name disambiguation the goal is to
disambiguate various people that share the same name
(namesakes) [3], [4]. Given an ambiguous name, most hame
disambiguation algorithms have modeled the problem as one
of document clustering in which all documents that discuss a
particular individual of the given ambiguous name are
grouped into a single cluster. The web people search task
(WePS)1 provided an evaluation data set and compared
various name disambiguation systems. However, the hame
disambiguation problem differs fundamentally from that of
alias extraction because in name disambiguation the
objective is to identify the different entities that are referred
by the same ambiguous name; in alias extraction, we are
interested in extracting all references to a single entity from
the web. Approximate string matching algorithms have been
used for extracting variants or abbreviations of personal
names (e.g., matching Will Smith with the first name
initialized variant W. Smith) [11]. Rules in the form of
regular expressions and edit-distance-based methods have
been used to compare names. Bilenko and Mooney [12]
proposed a method to learn a string similarity measure to
detect duplicates in bibliography databases. However, an
inherent limitation of such string matching approaches is
that they cannot identify aliases, which share no words or
letters with the real name. For example, approximate string
matching methods would not identify Fresh Prince as an
alias for Will Smith.
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Figure. 1. Outline of the proposed method.

3. Challenges

Identification of entities on the web is difficult for two
fundamental reasons: first, different entities can share the
same name (i.e., lexical ambiguity); second, a single entity
can be designated by multiple names (i.e., referential
ambiguity). For example, the lexical ambiguity consider the
name Jim Clark. Aside from the two most popular
namesakes, the formula-one racing champion and the
founder of Netscape, at least 10 different people are listed
among the top 100 results returned by Google for

the name. On the other hand, referential ambiguity occurs
because people use different names to refer to the same
entity on the web. For example, the American movie star
Will Smith is often called the Fresh Prince in web contents.
Although lexical ambiguity, particularly ambiguity related
to personal names has been explored extensively in the
previous studies of name disambiguation [3], [4], the
problem of referential ambiguity of entities on the web has
received much less attention.

4. Applications

It can be useful tool for analyzing the name of person from
his alias name. In this it can be predictable step for detection
of any kind of cyber crime.

5. Analysis of Problem

Identifying aliases of a name are important in information
retrieval [5]. In information retrieval, to improve recall of a
web search on a person name, a search engine can
automatically expand a query using aliases of the name [6].
In our previous example, a user who searches for Hideki
Matsui might also be interested in retrieving documents in
which Matsui is referred to as Godzilla. Consequently, we
can expand a query on Hideki Matsui using his alias name
Godzilla. The semantic web is intended to solve the entity
disambiguation problem by providing a mechanism to add
semantic metadata for entities. However, an issue that the
semantic web currently faces is that insufficient
semantically annotated web contents are available.
Automatic extraction of metadata [7] can accelerate the
process of semantic annotation. For named entities,
automatically extracted aliases can serve as a useful source
of metadata, thereby providing a means to disambiguate an
entity.

6. Methods

Ms. Trupti M. Marawar, IJECS Volume 3, Issue 8, August 2014, Page No.7578-7582

Page 7579



The proposed method is comprises two main components;
pattern extraction, alias extraction and ranking. Using a
seed list of name-alias pairs, we first extract lexical patterns
that are frequently used to convey information related to
aliases on the web. The extracted patterns are then used to
find candidate aliases for a given name. We define various
ranking scores using the hyperlink structure on the web and
page counts retrieved from a search engine to identify the
correct aliases among the extracted candidate.

6.1 Extracting Lexical Patterns from Snippets
Many modern search engines provide a brief text snippet
for each search result by selecting the text that appears in
the web page in the proximity of the query. Such snippets
provide valuable information related to the local context of
the query. For names and aliases, snippets convey useful
semantic clues that can be used to extract lexical patterns
that are frequently used to express aliases of a name. For
example, consider the snippet returned by Google2 for the
query “Will Smith _ The Fresh Prince.”
Here, we use the wildcard operator _ to perform a NEAR
query and it matches with one or more words in a snippet.
In Fig. 2 the snippet contains aka (i.e., also known as),
which indicates the fact that fresh prince is an alias for Will
Smith. In addition to aka, numerous clues exist such as
nicknamed, alias, real name is nee, which are used on the
web to representaliases of a name. Consequently, we
propose the shallow pattern extraction method illustrated in
Fig. 3 to capture the various ways in which information
about aliases of names is expressed on the web. Lexico-
syntactic patterns have been used in numerous related tasks
such as extracting hypernyms [14] and meronyms [15].
Given a set S of (NAME, ALIAS) pairs, the function
ExtractPatterns returns a list of lexical patterns that
frequently connect names and their aliases in web snippets.
For each (NAME, ALIAS) pair in S, the GetSnippets
function downloads snippets from a web search engine for
the query “NAME _ ALIAS.” Then, from each snippet, the
Create- Pattern function extracts the sequence of words that
appear between the name and the alias. Results of our
preliminary experiments demonstrated that consideration of
words that fall outside the hame and the alias in snippets did
not improve performance. Finally, the real name and the
alais in the snippet are, respectively, replaced by two
variables [NAME] and [ALIAS] to create patterns.

...Rock the House, the duo's debut album of 1987,
demonstrated that Will Smith, aka the Fresh Prince,
was an entertaining and amusing storyteller...

Figure. 2. A snippet returned for the query “Will Smith _ the
Fresh Prince” by Google.

(t\lgorithm 3.1: EXTRACTPATTERNS(S) )

comment: S is a set of (NAME, ALIAS) pairs

P — null
for each (NAME,ALIAS) € S
D « GetSnippets(“NAME x ALIAS”)
do { for each snippet d € D
do P « P + CreatePattern(d)
\return (P) )

Fig. 3. Given a set of (NAME, ALIAS) instances, extract
lexical patterns.

@lgorithm 3.2: EXTRACTCANDIDATES(NAME, P)\

comment: P is the set of patterns

C «— null
for each pattern p € P
D «— GetSnippets(“NAME p x”)
do { for each snippet d € D
do C «— C + GetNgrams(d, NAME, p)

\return () )
Fig. 4. Given a name and a set of lexical patterns, extract
candidate aliases.

Our definition of lexical patterns includes patterns that
contain words as well as symbols such as punctuation
markers. For example, from the snippet shown in Fig. 2, we
extract the pattern [NAME], aka [ALIAS]. We repeat the
process described above for the reversed query, “ALIAS _
NAME” to extract patterns in which the alias precedes the
name. In our experiments, we limit the number of matched
words with “ ” to a maximum of five words. Because
snippets returned by web search engines are very short in
length compared to the corresponding source documents,
increasing the matching window beyond five words did not
produce any additional lexical patterns.

Once a set of lexical patterns is extracted, we use the
patterns to extract candidate aliases for a given name as
portrayed in Fig. 4. Given a name, NAME and a set, P of
lexical patterns, the function ExtractCandidates returns a list
of candidate aliases for the name. We associate the given
name with each pattern, p in the set of patterns, P and
produce queries of the form: “NAME p_.” Then, the
GetSnippets function downloads a set of snippets for the
query. Finally, the GetNgrams function extracts continuous
sequences of words (n-grams) from the beginning of the part
that matches the wildcard operator _ Experimentally, we
selected up to five grams as candidate aliases. Moreover, we
removed candidates that contain only stop words such as a,
an, and the. For example, assuming that we retrieved the
snippet in Fig. 3 for the query “Will Smith aka ,” the
procedure described above extracts the fresh and the fresh
prince as candidate aliases. For efficiency reasons, we limit
the number of snippets downloaded by the function Get
Snippets to a maximum of 100 in both Algorithm 3.1 and
3.2. In Google it is possible to retrieve 100 snippets by
issuing only a single query by setting the search parameter
num to 100, thereby reducing the number queries required in
practice.

6.2 Ranking of Candidates

Considering the noise in web snippets, candidates extracted
by the shallow lexical patterns might include some invalid
aliases. From among these candidates, we must identify
those, which are most likely to be correct aliases of a given
name. We model this problem of alias recognition as one of
ranking candidates with respect to a given name such that
the candidates, who are most likely

to be correct aliases are assigned a higher rank.
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Figure. 5. A picture of Will Smith being linked by different
anchor texts on the web.

First, we define various ranking scores to measure the
association between a name and a candidate alias using three
different approaches: lexical pattern frequency, word co-
occurrences in an anchor text graph, and page counts on the
web. Next, we describe the those three approaches in detail.

6.3 Lexical Pattern Frequency

In Section 8.1 we presented an algorithm to extract
numerous lexical patterns that are used to describe aliases of
a personal name. As we will see later in Section 4, the
proposed pattern extraction algorithm can extract a large
number of lexical patterns. If the personal name under
consideration and a candidate alias occur in many lexical
patterns, then it can be considered as a good alias for the
personal name. Consequently, we rank a set of candidate
aliases in the descending order of the number of different
lexical patterns in which they appear with a name. The
lexical pattern frequency of an alias is analogous to the
document frequency (DF) popularly used in information
retrieval.

6.4 Co-Occurrences in Anchor Texts

Anchor texts have been studied extensively in information
retrieval and have been used in various tasks such as
synonym extraction, query translation in cross-language
information retrieval, and ranking and classification of web
pages [16]. Anchor texts are particularly attractive because
they not only contain concise texts, but also provide links
that can be considered as expressing a citation. We revisit
anchor texts to measure the association between a name and
its aliases on the web. Anchor texts pointing to a url provide
useful semantic clues related to the resource represented by
the url. For example, if the majority of inbound anchor texts
of a url contain a personal name, it is likely that the
remainder of the inbound anchor texts contain information
about aliases of the name. Here, we use the term inbound
anchor texts to refer the set of anchor texts pointing to the
same url.

7. Proposed Work and Objectives

We propose a fully automatic method to discover aliases of
a given personal name from the web. Our contributions can
be summarized as follows:

We propose a lexical pattern-based approach to extract
aliases of a given name using snippets returned by a web
search engine. The lexical patterns are generated
automatically using a set of real world name alias data. We
evaluate the confidence of extracted lexical patterns and
retain the patterns that can accurately discover aliases for

various personal names. Our pattern extraction algorithm
does not assume any language specific preprocessing such
as part-of-speech tagging or dependency parsing, etc., which
can be both inaccurate and computationally costly in web-
scale data processing. To select the best aliases among the
extracted candidates, we propose numerous ranking scores
based upon three approaches: lexical pattern frequency,
word co-occurrences in an anchor text graph, and page
counts on the web. Moreover, using real-world name alias
data, we train a ranking support vector machine to learn the
optimal combination of individual ranking scores to
construct a robust alias extraction method. We conduct a
series of experiments to evaluate the various components of
the proposed method. We compare the proposed method
against numerous baselines and previously proposed name
alias extraction methods on three data sets: an English
personal names data set, an English place names data set,
and a Japanese personal names data set. Moreover, we
evaluate the aliases extracted by the proposed method in an
information retrieval task and a relation extraction task.

8. Expected Outcome

We utilized both lexical patterns extracted from snippets
retrieved from a web search engine as well as anchor texts
and links in a web crawl. Lexical patterns can only be
matched within the same document. In contrast, anchor texts
can be used to identify aliases of names across documents.
The use of lexical patterns and anchor texts, respectively,
can be considered as an approximation of within document
and cross-document alias references. We showed that by
combining both lexical patterns based features and anchor
text-based features, we can achieve better performance in
alias extraction. It can only incorporate first order co-
occurrences. An alias might not always uniquely identify a
person. For example, the alias Bill is used to refer many
individuals who has the first name William. The namesake
disambiguation problem focuses on identifying the different
individuals who have the same name. The existing
namesake disambiguation algorithms assume the real name
of a person to be given and does not attempt to disambiguate
people who are referred only by aliases. The knowledge of
aliases is helpful to identify a particular person from his or
her namesakes on the web. Aliases are one of the many
attributes of a person that can be useful to identify that
person on the web. Extracting common attributes such as
date of birth, affiliation, occupation, and nationality have
been shown to be useful for namesake disambiguation on
the web.

9. Conclusion

We proposed a lexical-pattern-based approach to extract
aliases of a given name. We use a set of names and
theiraliases as training data to extract lexical patterns that
describe numerous ways in which information related to
aliases of a name is presented on the web. Next, we
substitute the real name of the person that we are interested
in finding aliases in the extracted lexical patterns, and
download snippets from a web search engine. We extract a
set of candidate aliases from the snippets. The candidates
are ranked using various ranking scores computed using
three approaches: lexical pattern frequency, co-occurrences
in anchor texts, and page counts-based association measures.
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Moreover, we integrate the different ranking scores to
construct a single ranking function using ranking support
vector machines.
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