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Abstract—The name ambiguity problem is a challenge in many
areas, especially in the field of bibliographic digital libraries. For
example, in services that use citation data to compute the impact
of authors, ambiguous names lead to biased measures. The problem is amplified where names are collected from heterogeneous
sources, including crowdsourced annotations. This is the case in
the Scholarometer system, which cross-correlates author names
in user queries with those retrieved from bibliographic data.
The uncontrolled nature of user-generated annotations is very
valuable, but creates the need to detect ambiguous names. In
this paper, we propose an approach to detect ambiguous names
at query time, which makes it applicable in the context of a social
computing application. We explore two kinds of heuristic features
based on citations and crowdsourced topics. Our approach can
detect ambiguous author names in crowdsourced scholarly data
with an accuracy of 75%.
Keywords-Ambiguous name detection; crowdsourcing; citation
analysis; scholarly data; discipline annotations; social tagging

I. I NTRODUCTION
Bibliometric methods measure the impact of researchers,
journals, papers, etc. In a quest for quantitative impact analysis
of an author, a wealth of measures based on citation data have
been proposed. These measures rely on citations; consistent,
accurate and up-to-date citation data is therefore critical for
an accurate assessment of author impact.
Usually the publications of an author are identified by the
author’s name. In reality, however, we cannot always correctly
map publications to authors because names can be ambiguous.
There are basically two types of name ambiguities: an author
may have multiple name variations or multiple authors may
share the same name [1]. Name ambiguity can affect the
accuracy of citation-based impact analysis and methods to
detect ambiguous names are needed.
Scholarometer (scholarometer.indiana.edu) is a social tool
to facilitate citation analysis and help evaluate the impact
of authors [2]. In our social approach to scholarly citation
analysis, information that is crowdsourced from end-users of
the system forms the very basis for the service provided.
Some of this information comes directly from the users,
who provide discipline annotation (tags) for queried authors.
Other information is obtained indirectly as a side effect of

user queries, by cross-correlating the name of the queried
author with bibliographic and citation data retrieved from
a digital library. Google Scholar is used as the source for
Scholarometer’s bibliographic and citation data. However, the
name ambiguity problem is independent of the bibliographic
data sources.
Prior work in name disambiguation [1], [3]–[11] is based
on expensive supervised or unsupervised machine learning
algorithms that partition a set of publications into coherent
subsets. However, none of these approaches is applicable in the
context of social citation analysis tools, which require querytime, real-time detection of ambiguous names. If a name is
deemed ambiguous, the tool can ask the user to refine the
query, for example by adding keywords to make the query
more specific. As a result, we can obtain cleaner data from
the user as well as reliable data from the digital library, thus
improving the assessment of scholarly impact. Our definition
of ambiguity is therefore based on user queries, giving rise
to the following formulation of our problem: Given a set of
publications, we need to decide if the author names of these
publications match the name in the query.
Contributions and Outline
Our aim in this paper is to detect ambiguous names in
citation impact analysis at query time, by using different kinds
of features. The remainder of the paper is organized as follows.
After background on related work in § II, we describe the
proposed approach in § III, which includes the following
contributions:
•

•

A heuristic based on name variations and citations, useful
when there are multiple name variations in an author’s
publications (§ III-A).
An algorithm to measure the consistency between the
topics associated with publication metadata with the help
of crowdsourced discipline annotations (§ III-B).

These methods yield features that can be used to estimate
the likelihood that a set of publications belong to the same
author. In § IV we evaluate these features in a supervised
learning setting and show the effectiveness of combining them.

II. R ELATED W ORK
The name ambiguity problem has been studied in a wide variety of contexts, such as biomedical term disambiguation [12],
geographic name disambiguation [13], and personal name
disambiguation [14]. Especially in the context of bibliographic
citation records, researchers have proposed numerous methods
for author name disambiguation within bibliographic databases
and on the Web [1], [3]–[11], [15]. The problem is important
because it affects the quality of content and services in digital
libraries. In prior work, name disambiguation has been cast
into the problem of clustering a set of publications into profiles
such that each profile corresponds to a single author.
The literature on disambiguation is mainly categorized into
supervised and unsupervised learning approaches. Supervised
learning approaches [5], [7], [15] use a set of authors with
given partitions to train a classifier to recognize whether two
publications, or two sets of publications, belong to the same
profile. Unsupervised approaches [1], [3], [4], [6], [8]–[11]
do not use training examples but instead exploit publication
features to merge similar publications into clusters. A variety
of clustering algorithms have been explored and compared for
unsupervised name disambiguation.
The approach taken by the Scholarometer system is also
based on supervised learning, but defines the disambiguation
problem in a different way. Given a set of papers for a given
author name, the task is to determine whether the name is
ambiguous, i.e. corresponds to multiple authors. This is consistent with the social nature of the tool, which aims to leverage
quality data provided by users. Our first attempt to deal with
ambiguous authors names deployed a simple heuristic based
on name variations and citations [2]. This heuristic will be
discussed in § III-A. With the increasing popularity of the
tool, the number of authors in the Scholarometer system has
grown significantly, revealing that many ambiguous names
were undetected. This has motivated the approach presented
here.
III. A MBIGUOUS AUTHOR NAME D ETECTION
The goal of the proposed approach for author name disambiguation is to detect an ambiguous author name when it is
submitted as a query to the citation analysis system. To the
best of our knowledge, this is the first attempt to cast name
disambiguation this way. Our algorithm extracts features from
all publications retrieved for the queried author name, and
performs binary classification. In this section we describe two
classes of features of the publications of a scholar that will be
supplied to our classifier.
A. Name Variations and Citations
We extract the name variations from a collection of publications returned by a bibliographic digital library (Google
Scholar in our case) for the query and sort them by number
of citations. Typical author names have two or three variations
(e.g., with and without a middle initial). Therefore we look at
the percentage of the total citations that are attributed to the
top name variations. A high percentage suggests that the name

is not ambiguous, as any further variations only account for
a small fraction of the citations and therefore do not have a
large effect on impact measures. On the other hand, if the top
name variations account for a low fraction of the citations, we
assume that the name is ambiguous.
The heuristic approach first used to detect ambiguous names
in the Scholarometer system was based on this idea, and used
a fixed threshold (90%) for the fraction of citations to papers
corresponding to the top three name variations [2]. To apply
the same idea in the supervised learning setting, we use the
fraction of citations for the top n (n = 1, 2, 3) name variations
as a feature for the classifier. We call such a feature citation
per name variation (CNVn ). Of course this is a useful feature
only when there are a sufficient number of name variations in
the set of publications.
B. Topic Consistency
In this subsection we attempt to capture the topical consistency among a set of papers of an author. The algorithm makes
use of topics associated with publications and similarities
among them. To this end, we leverage the discipline tags
crowdsourced from the users of the Scholarometer system.
Each discipline can be represented by a vector of authors who
have been tagged with it. A vector weight is the number of
times that an author has been tagged with a discipline. The
similarity σ between two disciplines, calculated by cosine similarity, reflects the strength of cross-disciplinary collaborations
between authors in these two disciplines. We list ten pairs of
highly related disciplines in Table I.
With the growth of interdisciplinary research collaborations,
the research topics of an author are not limited to one discipline. More and more authors are publishing papers in different
disciplines. To capture the possibility that publications in
different disciplines may be from the same author in spite of
inconsistent metadata, we need to detect different but related
disciplines associated with an author name. For example, an
author has two subsets of publications, A and B, in different
disciplines. Suppose that the publication metadata is consistent
within each subset, but not between A and B. If we know that
publications in A are about topic 1, publications in B are about
topic 2, and topic 1 and topic 2 are highly related, we may
infer that the publications are consistent and the author is not
ambiguous. This is the basic intuition for a feature that we
call publication topic consistency (PTC).
Based on the above intuition, we need to map an author’s
publications to topics, and measure the similarity between
these topics. We assume that any publications can be mapped
to one or more topics from a preexisting set. In the case of the
Scholarometer system, we use a subset of the crowdsourced
tags from a controlled vocabulary, namely the Journal Citation
Reports (JCR) categories. These 242 categories are composed
of Science Citation Index Expanded, Social Sciences Citation
Index, and Arts & Humanities Citation Index from the Web
of Science, an academic citation index provided by Thomson
Reuters.1 For every author, all the publication titles and venues
1 en.wikipedia.org/wiki/Web

of Science

TABLE I
T EN HIGHLY RELATED DISCIPLINE PAIRS AND THEIR COSINE SIMILARITIES
computer science, hardware & architecture
materials science, multidisciplinary
neurosciences
surgery
geology
behavioral sciences
demography
energy & fuels
anatomy & morphology
ecology

engineering, electrical & electronic
optics
language & linguistics
transplantation
paleontology
biodiversity conservation
management
operations research & management science
obstetrics & gynecology
paleontology

TABLE II
T OP 10 TOPICS IN S EBASTIAN T HRUN ’ S TOPIC PROFILE
Discipline
robotics
computer science, artificial intelligence
medicine, general & internal
automation & control systems
mining & mineral processing
computer science, information systems
communication
information science & library science
computer science, theory & methods
behavioral sciences

Probability
0.0728
0.0044
0.0035
0.0031
0.0030
0.0018
0.0012
0.0010
0.0006
0.0004

are merged together into a set of keywords P and mapped to
these disciplines. For every discipline d ∈ D, we estimate
the probability that the set of publications with description P
belongs to d as:
1 X Pr(w|P )
Pr(d|P ) =
|d|
f (w, D)
w∈d
X
1
f (w, P )
≈
(1)
|d|
|P | · f (w, D)
w∈d

where f (w, P ) is the number of occurrences of the discipline
keyword w in P and f (w, D) is the number of disciplines
that contain w, which is used to measure the generality of
that word. For example, in the discipline “computer science,”
“science” is more general than “computer” and therefore less
important.
After estimating the probabilities of an author’s publications
over all disciplines, we can derive an author’s topic profile. As
an illustration, Table II shows the top 10 discipline topics in
the profile of an author. Generally, the top topic d1 is the
author’s main research area inferred from the publications,
robotics in our example. We want to measure the probability
that the author’s publications belong to related disciplines.
Our intuition is that topics related to the main research area
contribute to the consistency of the profile. We therefore sum
the probabilities of all related topics and normalized by the
sum over all profile topics. Formally:
PN
Pr(di |P )δ(σ(d1 , di ))
(2)
P T C = i=1 PN
i=1 Pr(di |P )
where δ(σ(d1 , di )) is the step function, equal to one if
the similarity between d1 and di is greater than zero, zero

0.95
0.82
0.78
0.75
0.73
0.70
0.70
0.65
0.63
0.63

TABLE III
P ERFORMANCE BASED ON VARIOUS FEATURES
Feature
CN V1
CN V2
CN V3
PTC

Accuracy
0.57
0.67
0.70
0.73

F1
0.54
0.63
0.66
0.73

AUC
0.65
0.74
0.74
0.79

otherwise. N is the number of topics in the profile. This
feature considers the interdisciplinary research collaborations
of an author. The higher the value, the more likely that all the
publications belong to consistent topics and therefore to the
same author.
IV. E VALUATION
In this section we evaluate the performance of classifiers that
use the features described in § III to detect ambiguous author
names. We study the proposed features separately and in
combination. Following preliminary experiments with various
classifiers, we present here results obtained with a simple
logistic regression algorithm [16], which outperformed other
methods in most cases. For each combination of features, we
report on three performance measures: accuracy, area under
ROC curve (AUC), and F1 . The AUC presents a tradeoff
between true positives and false positives, while F1 combines
precision and recall. Average values of these measures are
obtained by performing 10-fold cross-validation.
To train and test our classifiers, we manually labeled 500
author names as ambiguous or not. The names were selected
among the top authors (ranked by H-index) from each of the
top 100 disciplines (ranked by number of authors) in the Scholarometer database. We examined the publications retrieved
from Google Scholar for each queried name. Titles, coauthors,
venues, affiliations, and crowdsourced tags were inspected to
obtain the ambiguity labels. Among the 500 author names,
283 are labelled not ambiguous and 217 ambiguous, which is
a fairly balanced dataset.
Table III shows the results of two classes of features. Based
on the the citations per name variation heuristic, we compare
the accuracy of the classifier based on the percentage of
citations accounted by top n (n = 1, 2, 3) name variations.
The results suggest that using the top three name variations
results in better detection of ambiguous names.
As a single feature, PTC achieves a relatively high accuracy,
demonstrating that it is reasonable to consider the topic level
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Fig. 1. ROC curves for 2 individual features and their combination. The
classifier that combines the 2 features achieves an accuracy of 0.75, with
F1 = 0.75 and AU C = 0.82.

similarity of an author’s publications. PTC benefits from the
consideration of interdisciplinary collaborations.
Figure 1 summarizes the performance of two single features and their combination. The overall performance is quite
promising, with accuracy around 75%.
V. C ONCLUSIONS
We investigated the detection of ambiguous crowdsourced
names in a social citation analysis system. Two classes of
features were proposed. The first is a heuristic based on the
percentage of citation accrued by the top name variations
for an author. The second feature class utilizes crowdsourced
data to detect ambiguity at the topic level. Our experiments
show that the features work fairly well and yield accuracies
around 70–73% when we classify using just a single feature.
By combining the features, the accuracy of ambiguous author
name detection goes up to 75%. In summary, the approach
proposed here provides a promising first step toward the
detection of ambiguous author names at query time.
In the future we plan to enhance the approach by exploring
additional features, such as publication metadata, to further
improve the accuracy of ambiguous author detection. Furthermore, for ambiguous names that enter into our system, we
will explore the use of more traditional name disambiguation
algorithms to partition publications into coherent clusters,
combined with crowdsourcing techniques to let users select,
merge, and/or split profiles for matching queried authors. The
impact measures will be updated accordingly.
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