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ABSTRACT

In citation analysis, author names are often used as the unit of analysis and some authors
are indexed under the same name in bibliographic databases where the citation counts are
obtained from. There are many techniques for author name disambiguation, using supervised,
unsupervised, or semisupervised learning algorithms. Unsupervised approach uses machine
learning algorithms to extract necessary bibliographic information from large-scale databases
and digital libraries, while supervised approaches use manually built training datasets for
clustering author groups for combining them with learning algorithms for author name
disambiguation. The study examines various techniques for author name disambiguation in
the hope for finding an aid to improve the precision of citation counts in citation analysis,
as well as for better results in information retrieval.
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1. Introduction

Many bibliographic studies, including citation
analysis, use author names as the unit of analysis.
They identify and collect bibliographic information
of the works published by an author by using data-
bases or digital libraries, such as Web of Science
and CiteSeerx. For example, Web of Science offers
a function of “author finder” to find a specific author
under investigation using subject areas or Web of
Science categories as an aid to identify the author.
However, common names like John Smith or foreign
names like ] Wang are very difficult to isolate the
works by the intended author from works by other
authors with the same name. Smalheiser and Torvik
(2009, 287) addressed four distinct challenges of
author name disambiguation: (1) a single individual
may publish under multiple names, (2) many different
individuals have the same name, (3) the necessary
metadata are often incomplete or lacking entirely,
and (4) an increasing percentage of scholarly articles
are not only multi-authored, but represent multi-dis-
ciplinary and multi-institutional efforts. White and
Griffith (1981) suggested Author Cocitation Analysis
(ACA) as a technique to minimize such errors of
including works by authors other than those who
were intended to be analyzed. White and McCain
(1998) emphasized the effectiveness of ACA that
cocitations between multiple names would be able
to pair two particular authors that were meant to

be paired, and the analysis would result in a map

with oeuvres of authors for visualizing a discipline.
However, author name ambiguity still remains as
problematic in bibliometrics as well as information
retrieval for both authors with the same name and
authors published and/or indexed under multiple
names.

Strotmann and Zhao (2012, 1821) indicated “the
increasing globalization of research” as one of the
causes that have affected this author name ambiguity
since Asian names tend to have the same last name
with the first initial for many individuals. For exam-
ple, a search for “Kim, H” will result in many works
published by authors with the same last name and
the first initial, while “Kim” is the last name of
about 20% of the whole Korean population.D) In
the study of author cocitation analysis on the editorial
board of Journal of Communication (Kim 2008)
using cocitation counts obtained from Web of Science
database, such ambiguity caused delay in data collec-
tion and might have affected the result even though
cocitation mapping reduced the errors of including
works by authors indexed as the same name. The
study started with Author Finderin Web of Science
to find the indexed name of a particular author. In
general, a search for an author results in citations
in various disciplines. Restrictions on subject fields
or Web of Science categories would help reduce
the number of documents allegedly written by the
intended author. However, using the Author Finder
is not enough for identifying the particular author

in many cases, especially with common names and

1) The year 2000 data shows 9,925,949 “Kim"s among the population of 45,985,289.

<http://kostat.go kr/portal/korea/index.action).
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Asian names.

In addition, as Han et al. (2004, 296) suggested,
ambiguous names “‘can decrease the performance of
information retrieval and web search.” When a user
of a bibliographic database or digital library needs
to find all references written by a particular author,
he or she wants to be able to identify whether the
name of the author has any variations or any other
author shares the same name. Only the accurate repre-
sentation of the author’s indexed name would result
in the proper set of search result. In an attempt to
provide users with such accurate information, digital
libraries and bibliographic databases would need to
make an effort to find a way to disambiguate such
cases. Researches on methods for disambiguating au-
thor names have been done in the field of computer

science, mostly, and information science.

2. Review of Author Name
Disambiguation Techniques

There are various techniques for author name
disambiguation. A group of techniques use machine
learning algorithms (Veloso et al. 2012; D’Angelo
et al. 2011; Cota et al. 2010; Treeratpituk and Giles
2009; Kang 2008). Levin et al. (2012, 1031) summar-
ized the techniques using machine learning algo-
rithms into three classes; (1) supervised machine
learning classifiers, which require large scale training
sets, (2) unsupervised learning algorithms, which
apply “an unsupervised clustering” based on sim-

ilarities between pairs of articles, and (3) semi-

supervised and weakly supervised methods, which
use additional hand-labeled training set to train the
large unlabeled dataset. Supervised machine learning
algorithm may not be effective for large scale data-
bases because hand-labeled training sets are not avail-
able for such cases. Unsupervised approaches use
similarity-based algorithms to form clusters of docu-
ments that are linked to a single author instead of
using manually annotated datasets. Semisupervised
methods apply supervised training datasets to un-
supervised or unlabeled large scale datasets to form
author clusters. Author groups can be clustered by
using co-authorship data (Ferreira et al. 2010; Dai
and Storkey 2009; Kang et al. 2009b; Masada et
al. 2007), ontology-based method using properties
(Kim et al. 2011; Kim and Park 2009), and author
profiling (Ferreira et al. 2012b).

Ferreira et al. (2012a, 18-19) also investigated the
taxonomy of author name disambiguation methods,
focusing on automatic techniques. According to the
type of approach, they classified (1) author grouping
methods and (2) author assignment methods. For
author grouping methods, similarity functions are
used to determine the similarity between pairs or
groups of references for each individual author, either
using predefined functions or learning a similarity
function. After defining a similarity function, the
author grouping methods use author clustering tech-
niques to form clusters of authors with ambiguous
names. For author assignment methods, classification
and clustering are main techniques used for author
name disambiguation and they don’t need training

datasets because they “directly assign each reference
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to a given author by constructing a model that repre-
sents the author using either a supervised classification
technique or a model-based clustering technique.”
Based on the type of evidence for author name dis-
ambiguation, they indicated that citation information
and web information are main sources for extracting
bibliographic information in most cases, but some-
times implicit evidence such as “the latent topics
of a citation” can also be used to calculate the sim-

ilarity between references.

2.1 Author disambiguation using
unsupervised algorithm

One of the fully automated procedures for author
name disambiguation, Velosoet al. (2012) proposed
a method called associative name disambiguation
under the assumption of the existence of strong associ-
ation between bibliographic features and specific
authors. For example, names of coauthors as well as
titles of articles and journals in which their works
are published are good candidates for training data
used by the associative name disambiguation approach.
Their proposed method extracts bibliographic data
from large-scale databases and used learning algo-
rithms to identify individual authors in a cost-effective
approach. These types of author name disambiguation
method can be useful for large-scale databases and
digital libraries, but may not be very useful for authors
who are not so high prolific and not included in
many citations. Treeratpituk and Giles (2009) also
suggested an automatic machine learning classi-

fication algorithm called “Random Forests”, which

is an ensemble combining a collection of decision
trees. Just as building a forest, they build a decision
tree out of different bootstrap samples, then the collec-
tion of decision trees can be used to construct a

forest.

2.2 Author disambiguation using
semisupervised algorithm

Yang et al. (2008) used topic and web correlations
for citation analysis of authors. Topic correlation
refers to a method of measuring similarities between
topics of two citations to see if the two citations
with the same author name are actually related to
the specific author. Web correlation measures the
number of co-occurrences using pair-wise grouping
algorithm and similarity metrics as well as binary
classifier and cluster filter for accuracy. Topic-based
name disambiguation was also used by Song et al.
(2007), employing unsupervised machine learning
algorithm. Their models include one for Probabilistic
Latent Semantic Analysis (PLSA) for document-name-
word association, and another for Latent Dirichlet
Allocation (LDA) for topic-document-word-name
association. Yet, they found out using topic-name
matrices created by both algorithms were not enough
for name disambiguation because it is possible that
some homonymous authors belong to the same topic
group. Therefore, topic-based learning method should
be accompanied by further hierarchical clustering
of authors.

Peng et al. (2012, 10523) used web correlations

to improve traditional author name disambiguation
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techniques as well as authorship correlations. They
generated pairs of citations using web and authorship
correlations, created two datasets of training data
and testing data, applied the binary classifier to label
the matching pairs, then grouped the citations into
clusters using the labels. The web correlation refers
to the procedure of searching for citation titles, record-
ing URLs for each citation, making publication list
based on the collected URLSs, and compiling titles
with the same author names on the same publication
list as a database of works by an individual author.
They also employed authorship correlation with name
popularity measure and citation grouping with binary
classifier to increase the effectiveness of matching
the citations for creating author clusters. Their experi-
ments were evaluated with “similarity metric analy-
sis, performance evaluation using combinations of
different similarity metrics, and baseline performance
evaluation” (Peng et al. 2012, 10527) and their evalu-
ation indicated that combining web and authorship
correlation for author name disambiguation per-
formed better than traditional techniques.
Ferreira et al. (2012b, 46-47) proposed a system
called SyGAR (Synthetic Generator of Authorship
Records) that generates citation records based on au-
thor profiles. The procedure consists of three main
steps, (1) taking in real authorship records as an input,
(2) inferring author publication profiles, generating
synthetic citation records, and modifying citation at-
tributes, and (3) producing synthetic authorship re-
cords as an output. Their proposed synthetic design
uses “author publication profiles” to generate citation

records using author names, work titles, and pub-

lication venue titles. Authors with ambiguous names
will be analyzed and used for synthetic data generation.
The process of generating the synthetic authorship
records can be used to evaluate existing author name
disambiguation methods.

Kang et al. (2008) used a large-scale test set for
Korean in an analysis of the individual features’effect
on author disambiguation. They manually identified
authors for 8,675 articles published in 29 conference
proceedings of 9 IT-related associations from 1999
to 2006. Their bibliographic metadata included 23,177
names of authors as well as other properties such
as titles of their works, journal, publication year, their
email addresses, and their affiliations. The manual
identification process gives different identifiers for
each author with the same name, then they create
clusters of works published by each identified author.
As a result, for a group of 5,332 authors with same
names, they found 9,133 ‘real’ individual authors.
Their test showed using more than one properties
would result in statistically significant difference than
using only one property. Especially, co-authorship
data and author’s affiliation and email are appeared
to be more effective than other properties.

Later, Kang et al. (2009a) built a large-scale test
set for Korean author name disambiguation using
manually identified author names. The set consists
of 41,673 author name entity records for 881 author
names, and it includes 6,921 real world author
identifiers. Their manually constructed author identi-
fier set includes author names for initial identification
and their corresponding real world author identifiers,

and it complements the unsupervised learning algo-
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rithms for large scale databases. The set also includes
basic bibliographic information such as title of the
article, names of coauthors, year of publication, and
the name of the journal. The main difference between
their newly built system and existing datasets is the
size, which includes 41,673 author entity records with
881 ambiguous author names and 6,921 identified
individual authors. It means on average one ambig-
uous author name has to be identified among 12.7
authors with the same name. The test showed the
full names are the best property when used alone,
then name of co-authors, title of the article, year
of publication, and name of the published journal
are also found to be good identifying properties.

For self-supervised learning algorithm, Levin et
al. (2011) presented a self-trained two-stage method,
including (1) bootstrapping via rule-based clustering
and (2) supervised classification and clustering. The
first stage applies a small set of rules to identify
works by a particular author, such as self-citation
rules, subject area rules, and coauthorship rules. Then
the second stage involves training of a classifier and
using the classifier as a similarity metric. Citation
features they used for classifiers include Cited Article
IDs, Citing Article IDs, and Cited Journal Titles
in Web of Knowledge database. These features are
used for measuring similarity between works suppos-
edly written by a particular author. Their proposed
method can be useful for large scale databases like
Web of Knowledge, as they performed an experiment
on it. Self-supervised method shares advantages of
both unsupervised and supervised approaches be-

cause it doesn’t need manually labeled datasets but

enables generating a large training set of features.

D’Angelo et al. (2010, 259-260) proposed a heu-
ristic approach for author name disambiguation in
bibliometric datasets. They denoted the shortcomings
of supervised approaches as the need of expensive
training datasets, which also requires proper main-
tenance if any changes occur. Unsupervised ap-
proaches also have some disadvantages of having
“very high precision but low recall” because of the
articles outside the author’s citation network. Unlike
those approaches, their proposed approach integrated
structured data with the bibliometric database using
a reference external source of information, following
three steps of “database integration, mapping gen-
eration, and filtering.” The process of integrating
data with external information sources enables ob-
taining more information on authors which assist
the author name disambiguation. Their filtering proc-
ess employs (1) the address filter, (2) the WoS-SDS
(Web of Science-Scientific Disciplinary Sectors) fil-
ter, (3) the shared SDS filter, and (4) the maximum
correspondence filter. The filters are used to “analyze
each cluster and select the correct pair based on
an educated guess derived from the distribution of
the previously disambiguated data” (D’Angelo et
al. 2010, 264). Although their research focused on
Italian author names, their heuristic approach is worth
noticing in terms of providing morein depth in-
formation on authors. Cota et al. (2010) utilized heu-
ristic-based hierarchical clustering method for name
disambiguation using features of citations, such as
coauthor names, title of the work, and publication

venue title. They performed a series of experiments



Review of Author Name Disambiguation Techniques for Citation Analysis 11

using (1) the list of coauthor names in the biblio-
graphic database, (2) the work title attribute in the
bibliographic database, (3) the publication venue title
attribute in the bibliographic database, and (4) all
attributes together in the bibliographic database.
Using the list of coauthor names, the first three ap-
proaches produced very fragmented clusters, but us-
ing the work title attributes produced the purest
clusters. Using all attributes together produced very
pure and less fragmented clusters than other cases.
Their research showed the value of bibliographic
data in author name disambiguation methods; espe-
cially those did not require training datasets.
Han et al. (2004, 297) suggested two supervised
learning approaches for author name disambiguation,
including one based on a generative statistical model
called “the naive Bayes approach” and the other
based on a discriminant model, which acts as a classi-
fier, called “the SVM (Support Vector Machine)
approach.” The naive Bayes approach uses positive
training citations for recognizing author’s writing
patterns, and assigns citations to a specific author
based on probabilities. The SVM approach learns
from both positive and negative training citations,
and “considers each author as a class, and trains the
classifier for each author class” (Han et al. 2004, 299).
They also used three types of citation attributes includ-
ing coauthor names, title of the article, and title of
the journal, and coauthor names appear to be the
strongest property for obtaining better accuracy of

identifying a particular author.

2.3 Author disambiguation using
supervised method

Onodera et al. (2009, 681-684) suggested a two-
step filtering method for eliminating articles by au-
thors with the same name from large scale document
databases. The first stage eliminates articles based
on affiliation addresses and citation relationships be-
tween the journal and the article under investigation.
The second stage uses discrimination functions utilized
by manual judgment on the retrieved set of articles.
Their source articles were from 24 journals in six
subject fields, including (1) condensed matter physics,
(2) inorganic and nuclear chemistry, (3) electric and
electronic engineering, (4) biochemistry and molecular
biology, (5) physiology, and (6) gastroenterology.
Then 60 source articles were sampled from each
journal and eventually 2,595 source authors were
selected for the author search. The author search
was done with Web of Science database and retrieved
629,000 articles. They used (1) coauthors of source
and retrieved articles, (2) affiliation addresses of sour-
ces and retrieved articles, (3) citation relationships
between the journals of source and retrieved articles,
(4) title words of source and retrieved articles, (5)
citation of retrieved articles by source articles, (6)
cocitation between source and retrieved articles, (7)
interval between the years of publication of source
and retrieved articles, and (8) whether the source
author’s affiliation country is the specified one or
not as the information for discrimination. For filtering
purposes, they employ three features including (1)

common coauthor(s) between source and retrieved
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articles, (2) similarity of affiliation addresses of
source and retrieved articles, and (3) journal citation
relationships. The first stage focuses on eliminating
false articles, then the second stage focuses on finding
further false articles by using “manual judgment of
sample articles” and “modeling discrimination func-
tions based on logistic regression” (p. 683). Their
result shows very high precision rate because the
first stage eliminates as many false articles as possi-
ble, even if it means some ‘true’ articles are also
eliminated. However, their methodology of using
citation data as discriminant factor appears to be
more effective than other traditional simplified name
disambiguation methods.

Qian et al. (2011) proposed a supervised author
name disambiguation method combining machine
learning and human judgment in, pointing out the
shortcomings of the fully automated author name
disambiguation methods. They indicated that the fully
automated unsupervised techniques might not be able
to identify a particular author out of ambiguous names
in digital libraries because complete information on
authors might not be available in many cases. As an
alternative approach, they applied a framework called
LOAD (Labeling Oriented Author Disambiguation),
which consists of clustering methods with high pre-
cision and high recall as well as top dissimilar clusters
selection and ranking. The combination includes a
supervised learning algorithm that trains the sim-
ilarity functions and a clustering algorithm that gen-

erates author clusters.

3. Author Name Disambiguation
in relation to Author
Cocitation Analysis

A recent study by Strotmann and Zhao (2012,
1823) explored if the choice of author name dis-
ambiguation method affected citation-based author
ranking and mapping by author cocitation analysis.
They compared two sets of author citation ranking
and author citation analysis mapping result to see
if the choice between sophisticated author name dis-
ambiguation and simplified approach of author name
disambiguation that uses simply last-name-plus-first-
initial combination for mapping author clusters makes
any difference. Author cocitation analysis is known
to immune to the issue of ambiguous author names
because the process of mapping pairs of authors,
only the right author will be co-occurred (White
and McCain 1998). In reality, it is extremely difficult
to manually verify if the search result includes refer-
ences published by the particular author under inves-
tigation because in most cases author cocitation anal-
ysis deals with many authors and a matrix created
for pairs of authors includes half of the number of
authors squared. For example, an author cocitation
analysis about 145 authors will require a matrix of
more than 10,000 cells of cocitation counts. Even
with a small number of authors, like 20, the cocitation
matrix will include 200 cells with cocitation counts,
which means each cell contains the number of cocited
documents by the pair of authors. Most cells are
zeros but some cells have more than 100, if both

authors have many publications and their subject
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relatedness is high. In such cases, it is almost impos-
sible to see if individual documents are published
by the right author. However, cocitation mapping
of authors still offers overall visualization of a dis-
cipline when applied for a group of authors related
to the field, even with certain errors of including
author names that are not supposed to be included.

Strotmann and Zhao (2012, 1824) used author
cocitation mapping for comparisons between tradi-
tional simplified approach and their sophisticated
approach for author name disambiguation. They com-
pare two sets, including a reference data set and
a test data set. The reference data set uses a sophisti-
cated automatic author name disambiguation method
to obtain author clusters, and the test set uses the
traditional simplified method for author name
disambiguation. Then they compare the result for
first-author-based ranking, all-author-based ranking,
and last-author-based ranking as well as all author
cocitation analysis mappings between the two
approaches. One of the observations from citation
rankings show:

Many Chinese and Korean names made it to the
top 100 lists by first- and all-author citations but
only one to the top 100 list last-author citation.
Although it appears that Chinese and Korean research
programs are quite significant and successful in the
field of stem cell research, there are surprisingly few
Chinese or Korean researchers among the established
laboratory heads, which comprise the highly cited
last-author set (Strotmann and Zhao 2012, 1826).

Then they compared author cocitation maps with

the sophisticated author name disambiguation meth-

od and with the traditional simplified author name
disambiguation method to see how well they matched.
The cocitation mapping of authors selected by the
simplified author name disambiguation method tends
to have more Chinese and Korean names than the
mapping of authors selected by the sophisticated au-
thor name disambiguation, and it shows more dis-
tortion than author mapping with the sophisticated
author name disambiguation. Using the sophisticated
author name disambiguation method, the cocitation
map of authors appear to be properly represented
because the disambiguation method indeed identifies
the actual highly cited authors as the central actors
in the map. However, their results for the simplified
disambiguation method show it doesn’t work well
for author cocitation analysis for many ambiguous
names, especially “the massively ambiguous Chinese
and Korean author names” (Strotmann and Zhao

2012, 1828).

4, Unique Author Identifier:
ResearcherID

In an effort to enable author name disambiguation
even before entering the author’s name into databases,
a unique author identifier can be provided for every
author. ResearcherID is one of the examples of a
portal that enables authors to enter information about
themselves and gives them unique IDs to be used
with their citation data. The IDs can be integrated
into Web of Science, which makes it easier for users

to identify works by a particular author, not confusing
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with any other who share the same name. Authors
can update their profiles when any changes occur.
However, the service is currently restricted to the
invited authors and the identifier information appears
to be only used by Web of Science and EndNote.
In addition, some services are restricted to subscribers
of either Web of Knowledge or Web of Science,
even though basic searches are available for non-
subscribers. If these types of services are available
for many other bibliographic databases and digital
libraries and should every author be given a unique
identifier, the issue of ambiguous names will no lon-
ger cause any problems in bibliographic data collec-
tion for citation analysis and in information retrieval

based on author names.

5. Discussion

The author name disambiguation techniques found
in the literature are mostly using machine learning
algorithms to train systems to identify individual
authors with ambiguous names in large scale data-
bases and digital libraries. Indeed it seems reasonable
to explore such techniques and try to improve the
accuracy and speed of finding references by a partic-
ular author, but since most of them are using auto-
mated procedure of extracting bibliographic in-
formation about documents, it may not result in a
complete dataset for training the algorithm and some
of the necessary information can be left out. On
the other hand, manual disambiguation can offer

much more precise result, but it is very expensive

and “a surprisingly hard and uncertain process, even
on a small scale” (Smalheiser and Torvik 2009, 293).
In addition, since it takes a long time to build such
systems manually, it may not be able to keep up
the bibliographic data of the newly acquired
materials. So it seems the best way to solve the
shortcomings of the two techniques can be combining
some strong points of the two, such as using heuristic
approach or semisupervised methods.

However, it still leaves some question on effective-
ness and efficiency of such systems' developments.
Are these techniques going to really function as they
are supposed to? Is it worth to invest so much for
a system that may or may not be so useful for the
users? Also, it is difficult to imagine how users can
utilize these functions when they need to find refer-
ences published by authors with ambiguous names.
Are these large scale databases and digital libraries
currently using or going to use these algorithms to
make the search more precise? How are they going
to let the users know about this feature and utilize
it when they need to?

Strotmann and Zhao (2012) pointed out that
Romanized Asian names like Chinese and Korean
names were extremely ambiguous but most studies,
including those done by Korean scholars, were deal-
ing with author name disambiguation methods in
general, not in specific for Asian names. Those de-
signs suggested by Korean scholars may have had
training sets designed specifically for Korean names,
but it still looks very similar to other author name
disambiguation techniques developed for English
names except Kang et al.’s 2009 research (2009b)
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on an author disambiguation method using co-author-
ship data. More studies should be done for Korean

names, whether they are in Korean or in English.

6. Conclusion

At first, the study was carried out to find a way
to achieve a better precision related to ambiguous
author names in both citation analysis and in-
formation retrieval. However, current literature of
the topic shows those techniques for author name
disambiguation are mostly studied in the field of
computer science, utilizing machine learning algo-
rithms whether it is fully automatic procedure or

involves manually constructed training datasets.

Hopefully, these studies would help build a system
that can actually be effective in improving the pre-
cision of finding references published by a particular
author. Other than these built-in methods of identify-
ing ambiguous author names, a different approach
may be more effective. For example, Thompson
Reuters’” Researcher ID (http://www.researcherid.com)
can be very helpful to identify individual authors
by giving them unique identifiers even before they
are indexed into bibliographic databases like Web
of Science. If there was a unique identifier for each
author in bibliographic databases and digital libraries,
collecting bibliographic data for analysis or searching
for works by a particular author could be more effec-
tive and the process of eliminating false references

could be avoided.
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