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Abstract

Author name disambiguation is well known problem in digital libraries
that aims at identifying the real owner of a scientific contribution. Au-
thor name disambiguation is a challenging problem because of different name
strings ambiguities. For example, the same name might be written in many
different ways. On the other hand, the same name string might be shared
between different individuals. In this thesis, we propose a new approach
to solve author name ambiguities. Our approach depends on a heuristic-
based scoring method that utilizes different stages in an effort to take the
disambiguation decision as early as possible. In addition, the algorithm is
designed to be both scalable for large databases and adaptive based on the
case in hand. The algorithm is validated against a wide variety of manually
labeled datasets. Our results showed that about 91.03% of the generated pro-
files exactly matched the profiles in the reference datasets and about 8.18%
partially matches the reference profiles and only less than 0.8% of error pro-
files. Moreover, we ran the algorithm against more than 10 million name
string instances in real database within a relatively short time.
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Chapter 1

Introduction

In publication solutions, an author might write his/her name in different
forms. This causes the machine to handle each name string as different
author. In addition, there might be more than one author with the same
name string. This issue leads to falsely merging the records of both authors.
In this thesis, we address those issues and we present a decent solution to
disambiguate the authors’ names strings.

1.1 Problem Statement and Motivation

Researchers nowadays depend on digital libraries to keep up with the lat-
est research in their field of interest. Usually, users of digital libraries, search
for publications by author name and look for the contributions of a given
person. When the number of publications in the dataset is large, the author
name ambiguity problem is amplified, and name string alone is not sufficient
to uniquely identify an individual author. Thus, to enhance the services of
digital libraries, there is a need to distinguish authors with ambiguous names
from each other.

Author disambiguation (AD) algorithm is mainly used to identify the real
owner for a given scientific publication, and as a result, all publications of a
given author can be aggregated in the same profile. Creating author profiles
can be very useful for scientific communities in many different ways. First,
the ownership of the contribution should be given to the right person, and
thus, the assessment of authors using their contributions would be easier.
Second, it can be used to create links to on-line resources such as author’s
home page and paper’s full text.

In addition, authors’ profiles can be used to create new resources such

1



1.2. MAIN CHALLENGES 2

as citation and collaboration networks. These networks can be a very useful
source of information. For example it can be used to infer new information
about authors such as identifying different communities, co-authorship infor-
mation and the influence of authors on each other.

In the past, the disambiguation effort was performed manually by librar-
ians. However, with massive publications and large digital libraries, manual
disambiguation becomes very difficult and error-prone. Thus, many auto-
matic disambiguation methods have been developed to deal with AD prob-
lem.

Mainly, the meta-data of a scientific publication such as co-authorship,
affiliation, emails, etc. or even information extracted from the full text are
used to determine the author identity. In this work, we propose a new algo-
rithm that uses the publications’ meta-data to perform the disambiguation
task. Our algorithm is designed to be efficient in terms of performance and
accuracy.

1.2 Main Challenges

Researchers face different challenges while addressing the author disam-
biguation problem. For example, the name ”Jing Zhang” appeared on 54
papers in DBLP database, while it refers to 25 different individuals[35]. In
addition, there have been three different students who share the same name
Yi Li who have graduated from the same lab and share the same first co-
author[35].

Name ambiguities problem appears due to many different reasons. Ac-
cording to Smalheiser and Torvik [34], author name disambiguation com-
prises four distinct challenges:

• A single individual may publish under multiple names:
This happens due to many reasons, some of them are:
a)name variants, b) spelling errors, c) name changes over time because
of marriage, religious conversion and d) the use of nick names.

• Many different individuals have the same name:
Fore example, common names are shared between many individuals.

• The incomplete or unavailable meta-data:

2



1.2. MAIN CHALLENGES 3

Table 1.1: Types of Name Variations[32]

Name variations Examples

Abbreviations L Zhang & Lei Zhang

Nick names Chris Carter & Christine Carter

Middle names L. S. Zhang & L Zhang

Hyphenated names Jack-Thomas & Jack Thomas

For example, authors’ middle names, their email addresses, or other
information such as their affiliation are not available or incomplete.

• Multi-disciplinary and multi-institutional publications:
Recently many articles are published as result of collaboration work be-
tween different institutions and/or as result of inter-disciplinary efforts.

One of the main sources of name ambiguities problem is the different
name variations that can be used for the same name string. Sometimes,
people hide their middle names/initials and use abbreviations or even nick
names in place of their full name [32]. Table 1.1 shows different cases of name
variations. This type of ambiguities is also known as synonym problem where
different name variations refer to the same individual.

On the other hand, the homonym problem occurs when the same exact
name string is shared between many different individuals. For instance, the
name string Collett, Thomas S. that appears identical in four different arti-
cles refers back to four different individuals. In spite that this name string is
exactly the same in these four different articles, it belongs to different persons.

In addition, AD problem becomes more challenging when an individu-
al/author moves from one institution to another and thus changing his af-
filiation and may be his coauthors. The same situation occurs when the
author changes his field of interest or changes his work group that may lead
to changing his coauthors. Moreover, some authors are very active and they
work with different collaboration groups or work for different institutions at
the same time or move between them continuously.

3



1.3. CONTRIBUTION 4

Furthermore, insufficient and some times unavailable meta-data make the
disambiguation task more difficult. For example, some individuals tend to
work alone and thus the co-authorship information is not available. n addi-
tion, the dataset contains many papers written one or more centuries ago,
long before computer processing of text data was envisioned or invented.
These would not contain email addresses and many did not conform to cur-
rent standards with respect to citation details such as affiliation or even clear
identification of the publication and date.

Moreover, many papers especially the older ones are scanned using one
of optical character recognition (OCR) technologies before ingestion. OCR
scanning is vulnerable to errors and therefore the scanned records might
contain some typos in names, affiliation, email addresses, etc.

1.3 Contribution

In the past, AD was resolved manually by Librarians. However, in the
case of large scale digital libraries, manual disambiguation becomes very
hard, time-consuming and error-prone. Therefore, automatic disambigua-
tion methods are needed to resolve name ambiguity problems with minimum
human intervention. In this thesis, we present a decent solution to AD prob-
lem using a heuristic-based algorithm.

Since our algorithm follows a heuristic approach, it does not require any
training data. Preparing a reliable training data is difficult and time con-
suming task. This is because the training examples should be representative
in terms of quantity and quality. In addition, there is a need to ensure the
balance between negative and positive examples.

In our open world, we have a large amount of publications written by
large number of authors. Processing millions of names and all their features
might be inefficient due to the large number of comparisons. We need the
process to be as efficient as possible and as accurate as possible. For signifi-
cant number of name strings, a decision can be made by a subset of features.
Therefore, we implement three stages of scoring and decision making so that
not all processing and scoring have to take place. For higher efficiency, our
algorithm is designed so that the computation tasks can be run in parallel.

To handle the wide variety of cases and name variations in a large database,
the proposed algorithm is designed to be adaptive. Adaptivity means the

4



1.4. THESIS STRUCTURE 5

ability of the algorithm to change its behavior based on the handled case.
For example, we consider the popularity of the name when taking the disam-
biguation decision so that we are more conservative when handling common
names and more lenient with rare names. Another example is Chinese names
which are more challenging than other names due to their high level of am-
biguities, and thus, they need to be treated differently.

In order to tune and evaluate our algorithm, we prepare different refer-
ence datasets that cover a wide variety of names from different places and
cultures. These datasets vary in size (small, medium and large), and en-
compass different challenges that help to ensure the generalization of the
algorithm. Author names in these datasets are manually disambiguated by
human efforts.

When the disambiguation algorithm is applied on a real large database, it
becomes hard to evaluate the results of that algorithm on the entire database.
In this work, we propose new techniques to assess the results of the algorithm
when it is applied in a real environment using some quantitative measures.
In spite that those measures might not exactly reflect the actual algorithm
results, they can be used to estimate the accuracy of the results and ensure
that the error rate is within the expected range.

1.4 Thesis Structure

The rest of this thesis is organized as follows. Chapter 2 introduces the
previous work related to AD problem. In Chapter 3, we describe the algo-
rithm design, data and methods. Then, we show the experiments and the
results of our algorithm in Chapter 4. Finally, we present the conclusion and
some suggested points for future work in Chapter 5.

5



1.4. THESIS STRUCTURE 6

6



Chapter 2

Literature Review

2.1 Introduction

In this large world with a population of about 7.4 billions of people [40],
the name string is no longer a unique ID for an individual. Popular names
such as John Smith are usually shared between many people. For example, in
the US it was estimated that about 300 common names are shared between
more than 114 millions of people [35]. Moreover, in China, just 129 surnames
are shared between about 1.1 billion people [33]. Therefore, using the name
string only, we will not be able to completely distinguish individuals.

The process of distinguishing the real owner of scientific work is mainly
known as Author Disambiguation (AD). The AD problem has been investi-
gated under different names according to the domain in which the problem
appears[35]. AD is also known as entity resolution, web appearance dis-
ambiguation, name identification, object distinction/matching, duplication
elimination/detection and record linkage[6, 35].

In AD, we deal with two main name ambiguities known as synonyms and
homonyms. Synonym problem occurs when the same individual publishes
different publications using different variations of his name[22]. On the other
hand, homonym problem occurs when the same exact name belongs to dif-
ferent individuals[22]. These problems occur according to different reasons
such as writing typos, hiding parts of names and the use of abbreviations or
nicknames.

During our literature review, we explored many different automatic solu-
tions that have been proposed to solve AD problem. In the next sections, we

7



2.2. DISAMBIGUATION FEATURES 8

show the main features and different approaches proposed to deal with AD
problem.

2.2 Disambiguation Features

Researchers in literature have used different features to disambiguate au-
thor names. Table 2.1 shows some of the used features in the previous liter-
ature. These features fall into three main categories[14, 24]: explicit(basic)
features, implicit(extracted) features, and additional(web information) fea-
tures. Explicit features can be easily extracted from records metadata with-
out any extra effort such as coauthors, email address and affiliation features.
Explicit can further be classified as author-related features such as email and
name, and article-related features such as article title, publication venue and
keywords. Most of the proposed algorithms use some of first category (ex-
plicit features).

In certain cases, the name strings are very ambiguous such that the basic
features are not enough and additional features are needed to perform the
disambiguation task. These features are either collected from the web (web
information), or extracted after processing the existing features (implicit fea-
tures).

Implicit features do not exist directly in the article meta data and can
be explored from other features such as exploring the self-citation or the ref-
erence overlap between articles. Bhattacharya and Getoor [5], Huang et al.
[19] and Culotta et al. [9] used implicit features to enhance their results.

As an example of implicit features, Levin et al. [24] investigated differ-
ent citation-based features such as self-citation. They showed that the self-
citation feature is the most important citation feature that can be approxi-
mated without investigating the full network. The use of self-citation feature
is proved to enhance the accuracy of results. Also, their results showed that
the other citation features such as the full citation network can add a non-
significant improvements at the expense of their extraction overhead if they
are not already in the database.

In order to make the disambiguation decision easier, some research ex-
plore additional information. Mainly, their methods rely on collecting more
information about authors from the web such as their home pages and CVs.
These information can be helpful in very ambiguous cases. However, this

8
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Table 2.1: Disambiguation Features

Explicit(Basic) Features Additional Features

Article Related Features Author Related Features Implicit Features Web Information

Article Title Author Name Self-citation Author Web Page
Article Abstract Name Prefix Reference Overlap Author CV
Article Keywords First/Middle Initials
Coauthors Email Address
Journal Title Affiliation
Publication venue
Publication Year

advantage comes at the expense of the additional overhead needed to query
the search engines to get this additional information. For example, to disam-
biguate authors in a citation record, Yang et al. [41] used the web correlation
which represents the number of times the two citations co-occur in the web
as a similarity measure.

Exploring external information leads to a trade off between the perfor-
mance and the accuracy of the proposed algorithm. In other words, the
gained accuracy obtained from investigating new features which may enhance
the results comes at the expense of performance overhead of calculating these
features and the complexity they add to the algorithm.

Some features such as email address, affiliation and coauthors are more
reliable for AD than other features. For example, Momeni and Mayr [28]
focused on the disambiguation of homonym names in the computer science
bibliography DBLP using the co-authorship networks. Similarly, Kang et al.
[22] depended mainly on the co-authorship information to discriminate au-
thors with an assumption that co-authorship feature is clearer than other
features. In addition, co-authorship feature is usually available and easily
accessible as meta-data in scientific publications[22]. In spite of their promis-
ing results, their algorithm is evaluated against a data-set of Korean names
only which are known to be generally clean. Korean names usually do not
suffer from name variation problems. Korean name is usually written as a
surname followed by a given name without delimiters or middle names[22].
Therefore, the results of this study, could not be generalized since it does not
consider the variation of naming conventions in different cultures.

9
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Figure 2.1: Disambiguation Approaches

2.3 Disambiguation Approaches

The AD problem has been investigated using several approaches in differ-
ent domains ranging from individuals and researchers efforts to large projects
in different institutions[11]. In this section, we discuss the different ap-
proaches that were proposed to deal with AD problem. Figure 2.1 depicts
the main categories of AD approaches that have been investigated in the
literature. In addition, Table 2.2 contains a summary of the characteristics
of different methods that have been proposed to solve AD problem.

The main part of any AD method is to define a similarity function[14].
The input to this similarity function are the features of two publication such
as (author name, coauthors, affiliation, email address, etc.) which usually
represented as a feature vector. The similarity function finds the similarity
between two features vectors extracted from two publications by calculat-
ing a similarity measure between the corresponding features and integrating
them together to find the overall similarity score. The output of the similar-
ity function is used to decide whether the two publications refer to the same
individual or not based on a threshold.

The similarity measure between two corresponding features can be deter-
mined using different functions such as Levenshtein distance, Jaccard coeffi-
cient, Jaro, Jaro-Winkler, cosine similarity, soft-TFIDF, euclidean distance,
etc.[14]. In other cases, a heuristic-based function is used, such as the number
of terms or coauthor names in common, exact match such as email addresses
or special values such as the last names with first/middle name initials[14].

10
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One of the simplest methods to solve AD problem is the one that only
depends on the author name strings. For example, Milojević [27] presented
a simple initial-based algorithm that uses only the name string information
to disambiguate authors. However, these methods are too simple to discrim-
inate very ambiguous names in a large database that contain records of a
large number of people from different cultures and backgrounds. However,
these methods can be used to reduce the scope of candidate matches to given
name string.

Most of the proposed algorithms use the last name first initial (LNFI)
blocking method to cluster name strings that might belong to the same in-
dividual in the same cluster of candidates. Then, the comparisons are per-
formed between elements inside the same LNFI cluster, instead of conducting
all-against-all comparisons on the level of the entire database which is very
expensive and inefficient in terms of performance and scalability.

2.3.1 Machine Learning Approaches

Many researchers make use of the machine learning approaches to dis-
ambiguate author names. Mainly, there are three machine learning methods
namely, supervised, unsupervised and semi-supervised.

Supervised approaches rely on a machine learning classifier trained using
a well-prepared training data set to find the matches of a given name string.
The trained classifier (like random forest or support vector machines) is then
used to label authors as matches or non-matches.There are different efforts
that are based on the supervised approaches such as in [9, 17, 29, 37].

Under supervised methods, Han et al. [17] proposed two supervised learn-
ing approaches including a Naive Bayes based classifier and support vec-
tor machine(SVM )based classifier. Both methods depend on three cita-
tion attributes:co-author names, paper title, and journal title. The two ap-
proaches were evaluated using two datasets, one collected from the web using
publication lists from homepages and the other collected from the DBLP ci-
tation database.

Treeratpituk and Giles [37] applied random forests classifier on random
dataset consists of 6,803 articles from Medline database. These articles are
chosen using the LNFI of 91 randomly selected author names. The author
names in this dataset are manually labeled using the article metadata and

11
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additional information(e.g. the Internet) whenever needed. The manually
labeled dataset is used for both: training the classifier and evaluating the
results. Their experiments showed that random forests classifier with an
an accuracy of about 90% outperforms previous techniques such as Support
Vector Machines (SVM).

The main challenge in supervised methods is preparing a representative
and balanced training data that compose enough positive and negative ex-
amples with enough quantity to train the classifier especially for large digital
libraries. Training data are either constructed manually by librarians or auto-
matically using high precision features such as email and co-author features.

On the other hand, unsupervised methods such as in (Han et al. [16, 18],
Bhattacharya and Getoor [5], Cota et al. [8]) require no training data. Al-
ternatively, unsupervised algorithm define a similarity measure between two
articles. However, in unsupervised methods, there is a need to develop a
method to integrate the different similarity measures results from each fea-
ture into one similarity score[22].

Usually, unsupervised methods depend on a certain clustering algorithm
to aggregate the publications of an individual into the same cluster that rep-
resents that real life author. For instance, Han et al. [16] applied k-means
clustering algorithm by partitioning n records into k clusters in which each
record belongs to the cluster with the nearest distance. Two years later,
Han et al. [18] proposed a k-way spectral clustering method to address AD
problem. The main challenge in these two methods is how to estimate the
actual number of authors correctly. In addition, Huang et al. [19] used a
DBSCAN[13] clustering method in order to cluster papers by author name.

Cota et al. [8] presented a heuristic-based hierarchical clustering (HHC)
algorithm in bibliographic citation records. Their method combines differ-
ent similarity functions with some heuristics to aggregate the information
of author names in their proper clusters. They used a subset of the DBLP
database in order to evaluate their work.

Arif et al. [4] proposed a multistage hierarchical method to deal with
AD problem. Their method creates clusters in stages, for each new stage a
new feature that differs from the previous stage is used. Their experiments
on publications selected from DBLP achieved an average F1-score of about
92.33%.

12
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In the area between the supervised and unsupervised methods, another
approach called semi-supervised approach that tries to combine between the
advantages of supervised and supervised methods. In semi-supervised ap-
proach or some times called weakly supervised approach, part of the algo-
rithm is responsible for preparing some training examples to train the clas-
sifier.

Levin et al. [24] proposed a semi-supervised (self-supervised) algorithm
to address AD problem in large scale databases. The algorithm consists of
two stages. In the first stage, a high precision features such as email and co-
authorship are used to collect a training set of positive and negative samples.
In the second stage, the collected training data are used to train a features-
based classifier which is, in turn, used to predict whether a given two articles
refer to same author or not. The algorithm is applied and evaluated against
Thomson Reuters of knowledge database which contains about 54,000,000
author instances with F1 of about 80.7%.

Training data can be prepared manually as in [17, 30] or collected au-
tomatically such as in [36] using a set of rules based on some important
and reliable features such as the email and co-authorship information. Au-
tomatic generation of training data is vulnerable to errors and may lead to
biased training data. For example, when the email address is used to prepare
a set of positive samples(matches), the resulted training data could be biased
toward new records[34].

The sufficient amount of needed training data depends on the complexity[34]
and the size of the dataset to be disambiguated. Large datasets require more
training data in order to be representative.

2.3.2 Probabilistic Models

Some researchers leverage the basic idea of probability theory to decide
whether two name strings are matches or not. For instance, Torvik et al.
[36] presented a probabilistic model for estimating the probability that two
name strings in two different Medline articles belong to the same author[36].
Their method is based on Bayes’ theorem shown in equation 2.3.1 below. It
finds the probability that the compared record is Match(M) given that the
similarity measure is S.

P (M | S) =
P (S |M)P (M)

P (S)
(2.3.1)
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Tang et al. [35] proposed a unified probabilistic model based on Hidden
Markov Random Fields(HMRF). HMRF is derived from the classical Hidden
Markov Model(HMM). HMRF represents features function with weights of
this function determines the importance of each feature. The challenge in
this method is the design of HMRF model which needs both estimating the
weights and assigning the papers to their real authors.

The main challenge of probabilistic models is estimating the prior prob-
ability which needs some prior information about the entire database. For
example, the Bayes’ theorem needs the probability of matches which means
percentage of similar authors in the dataset. However, this information is not
usually available before performing the disambiguation task. Torvik et al.
[36] proposed three different ways to estimate such probabilities.

2.3.3 Other Approaches

AD problem has been investigated using different other approaches such
as incremental methods, citation-based methods in addition to a combina-
tion of different approaches.

One of the hardest problems in digital Libraries is the name ambiguities
in the context of bibliographic citations[15]. On et al. [30] considered the
problem of ambiguous author names in bibliographic citations. In addition,
they study and compare different approaches to correctly identify the name
variants that refer to same real world author in citation records[30]. Other
examples of efforts in this area were presented in [30, 10].

2.3.3.1 Incremental Methods

AD methods also can be categorized into two classes according to the way
in which the ingestion of new records into the database is managed. Methods
that consider the ingestion process without the need to re-disambiguate the
entire database are called incremental methods. Incremental methods such
as in [10, 32, 37, 12], do not require reapplying the disambiguation algorithm
against the entire database whenever new records ingested into the database.

In contrast, the non-incremental methods deal with a batch set of records
in a pre-existing database. Most of the proposed methods are non-incremental
methods that deal with the disambiguation effort as a batch process. Re-
cently, researchers started to pay more attention to disambiguate authors’

14
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names during the ingestion process of new records into the digital libraries.

For example, de Carvalho et al. [10] proposed an unsupervised incremen-
tal disambiguation method (INDi) that disambiguates names in each new
ingested citation record. Their method mainly finds whether the new record
belongs to one of the preexisting authors or not by calculating a similarity
measure between the new record and its candidate matches. If no similar
records are found for the new ingested record, it is considered to belong to
new author.

de Carvalho et al. [10] assumed that the entire database is already disam-
biguated. Moreover, their algorithm was designed assuming a clean digital
library, i.e. the preexisting author names are correctly clustered. In real
cases the clean database assumption is not valid. To account for that, Es-
peridião et al. [12] proposed a method to aggregate incorrectly segregated
author names clusters.

Chin et al. [6] proposed a geographical-based AD approach. Their ap-
proach won the first prize of the Track 2 of KDD Cup 2013 from Microsoft
Academic Search competition which aims at determining duplicated authors
in a data set[6]. The first step of their method considers distinguishing
Chinese from non-Chines names using two dictionaries that cover different
Chinese names. Their assumption that Chinese names have different char-
acteristics(different naming conventions) and should be handled separately.
Their method achieved about 0.99 F1-score.

Some incremental methods look at the disambiguation effort as consist-
ing of two phases. First, the disambiguation is performed against the entire
database. Then, in the second phase, a new method is designed to deal with
loading new data into the database saving the time of repeating the whole
process again. Under this framework, Qian et al. [32] proposed a comprehen-
sive disambiguation algorithm that consists of two stages: the first stage is
called BatchAD that disambiguate the entire database. Then, in the second
stage which called IncAD, the disambiguation is done incrementally as new
records ingested into the database.

2.3.3.2 Hybrid Methods

Other AD solutions use a combination of two or more approaches(hybrid
approach) to address AD problem. For instance, Han et al. [16] used a

15



2.3. DISAMBIGUATION APPROACHES 16

K-mean clustering algorithm(unsupervised method) based on an extensible
Naive Bayesian probability model (Probabilistic Model) used to compute the
distance between the citation and the cluster in order to disambiguate names
in citation records. In this model, only three features (paper title, journal
title and coauthors) are used.

Another example of hybrid approach is the work done by Huang et al.
[19] who suggested two steps machine learning approach to solve AD prob-
lem. In the first step, a blocking method based on the non-conflicting name
variations to retrieve candidate classes of authors with similar names. Then
they used a DBSCAN[13] clustering method in order to cluster papers by au-
thor. The distance metric between papers used in DBSCAN is calculated by
an online active selection support vector machine algorithm (LASVM) that
intended to be faster with lower testing error than standard SVM[19]. In
addition, Nguyen and Cao [29] proposed a hybrid method consisting of two
phases to detect names in text and link them to proper entity in Wikipedia.

In this thesis, we present a heuristic-based approach to address AD prob-
lem. Unlike supervised methods, our approach does not require training
data. Also, our heuristic approach is more flexible to model real cases and
accounting for causes of errors. The proposed algorithm allows for better
controlling of the clustering process to ensure the accuracy as well as the
efficiency of the algorithm.

In addition, our algorithm is designed for batch processing of author
names (non-incremental approach). However, the core scoring methods can
be used to design an incremental solution for newly ingested data.
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Table 2.2: Summary of Disambiguation Methods

Ref. Approach Technique Database Evaluation Measures Incremental Features
[19] Supervised

method
Online Active Support
Vector Machine

CiteSeer precision,
recall and
pairwise F1

No affiliation, email, venue,
topic

[36] Probabilistic
Model

Bayesian probability MedLine precision,
recall, and
accuracy

No title, name attributes,
journal name, coauthors,
affiliation, medical subject
headings

[35] Probabilistic
Model

Markov Random
Fields

Arnetminer.org pairwise
precision,
recall and
F1

No title, publication venue,
year, abstract, coauthors,
references

[27] unsupervised
(name string
only)

First Initial, All Ini-
tials similarity mea-
sures

simulated
dataset (set
of articles
selected from
different do-
mains)

Accuracy No last name, first initial, mid-
dle initial

[30] Unsupervised

-String-based distance
(Jaccard, Jaro,
Jaro-Winkler, TFIDF)
-Vecotor-based
Cosine Distance

Selected data
from 4 differ-
ent domains
(DBLP, e-
Print, BioMed,
EconPapers)

Accuracy No coauthors

[32] Hybrid Hierarchical agglom-
erative clustering for
initial disambiguation
and Probabilistic
model for new records

CaseStudy and
DBLP

B-cubed,
precision,
recall, F1

Yes author name, title, ab-
stract, publication venue,
year, reference, keywords,
coauthors,

[10] unsupervised Heuristic-based Hi-
erarchical Clustering
(HHC)

BDBComp
and syn-
thetic(unreal)
data generated
by SyGAR

K metric
[23]

Yes title, publication venue,
coauthors

[9] supervised Error-driven Training
Algorithm

DBLP, Rexa
and Penn data

B-cubed
and Pair-
wise (Prei-
sion, Recall
and F1)

No title, venue, email, coau-
thors, affiliation

[37] supervised Random Forests Medline Accuracy No title, affiliation, authors,
publication date, journal,
MeshHeading

[17] supervised Naive Bayes and Sup-
port Vector Machine

DBLP and
data collected
from web

Accuracy No title, journal, affiliation,
coauthor

[16] Hybrid (un-
supervised+
probabilistic
model)

K-means and Naiv
Bayes

selected
dataset for
two names : (J
Anderson and
J Smith)

Accuracy No title, journal, acoauthors

[24] semi-
supervised

L1 Regularized
Logistic Regres-
sion,classifier

Thomson
Reuters Web
of Knowledge

B-cubed, F1 No title, abstract, keywords,
language, name attributes,
affiliation, year, citation
features, conjunctive fea-
tures
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Chapter 3

Data and Methods

In this chapter, we describe the design principles of the algorithm, the
overall algorithm methodology in addition to the details of different scoring
methods.

3.1 Definitions

• Synonym issue: the issue of having multiple name strings for one au-
thor.

• Homonym issue: the issue of having one name string for multiple au-
thors.

• Author ID
A unique identifier of the author(individual) that consists of a combi-
nation of author name string and the article id where the name string
appears. Author ID is needed in order to distinguish authors who share
the exact name (homonym case).

• Author contribution (AC)
A record that contains all the information (title, coauthors, affiliation,
etc) about an author (individual) with a given Author ID collected
from the article that contains that author name string.

• LNFI
Last Name First Initial (e.g. Smith, A)

• LNFI Cluster: A set of author contributions that share the same LNFI.
For example, author contributions with names (Smith Adam, Smith Ali
and Smith Ahmad) belong to the same LNFI cluster Smith A.

19
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• ACs vs. ACc

When comparing two ACs to find if they refer to the same person,
the first AC is called Source AC (ACs), and the record to which it is
compared is called Candidate AC (ACc). Authors who belong to the
same LNFI cluster are considered candidates to each other.

• Matches vs. Non-matches
Two or more ACs that refer to the same individual are called matches.
In contrast, two ACs that refer to different individuals are called non-
matches.

• MT
Matching Threshold. ACs and ACc are considered as matches if their
similarity score is equal or above MT.

• AM
Author Match Record. For each AC record, there is a corresponding
AM record that contains the result of comparing a given AC to all
other ACs in the same LNFI cluster. The AM record for a given AC
contains all its matches.

• AP
Author Profile. This record contains the contributions that belong to a
given author(person). The final output of the disambiguation algorithm
is the collection of AP records.

3.2 Ground Truth Datasets and Labels

In order to evaluate our algorithm, we need a reference ground truth
dataset. The reference dataset should represent a wide variety of real name
string cases. This section describes the criteria and the process followed to
build our ground truth data for validation.

The source of our reference datasets is the American Psychological As-
sociation (APA). APA is the leading scientific and professional organization
representing psychology in the United States[1]. APA maintains a number
of databases such as PsycINFO, PsycARTICLES and PsycBOOKS[2]. In
particular, we collected our reference datasets from PsycINFO database.

PsycINFO is one of the major APA databases that contains publications
from the 17th century to the present[3]. Its main focus is on the field of
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psychology and the behavioral and social sciences in addition to some inter-
disciplinary related content[3].

3.2.1 Datasets Selection

Our criteria in selecting the datasets are oriented to have a variety of cases
that would represent as many cases as possible in the entire database. Sev-
eral datasets were selected. We followed the following steps in the selection
process:

• Last Name is used as a key filtering approach. We retrieved from all
author names of the selected last name and all their co-author name
strings. Then, All documents that contain one of those author names
are retrieved from APA Psychinfo database.

• Select several last names that might have different commonality/rarity
to have a better representation of reality and different sizes of datasets
(small, medium, large). This criterion enables us to evaluate the dis-
ambiguation for rare names and common names.

• Select last names from different cultural backgrounds (Mediterranean,
Oriental, US. . . ).

The Selective dataset represents an extreme case of author name strings.
It contains 4456 author name strings (including homonyms). We tried to
collect names from multiple backgrounds and common last names. The data
is collected based on three different name filters: Brown W, Xue H and
Ramos M.

3.2.2 Datasets and Labels

For the experimentation and evaluation, we used different ground truth
datasets. These reference datasets are described in Table 3.1 below compiles
the used datasets. Moreover, we used three additional datasets which do not
participate in the algorithm tuning. These datasets shown in Table 3.2 are
used to validate the generalization of the algorithm.

Authors in those datasets are manually disambiguated. To do this, all
name strings that refer to individual author in each dataset is manually given
a unique ID (label).

1This dataset is collected using 3 different LNFI names: ”Brown, W”, ”Ramos, M”
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Table 3.1: Ground Truth Datasets

Dataset Query Criteria(Last Name) Size(# of documents) AC Records

Abbas Abbas 382 1232
Collet Collet 623 1529
Mahmood Mahmood 276 912
Racine Racine 335 752
Royer Royer 331 764
Vail Vail 655 1393
Zang Zang 675 3539
Selective Selective1 1221 4466

Table 3.2: Additional Datasets

Dataset Query Criteria(LNFI) Size(# of documents) AC Records

PetersE Peteres, E 291 1311
PaulS Paul, S 417 2486
ZhangM Zhang, M 898 5807

3.3 Evaluation Criteria

In this section we define the criteria and the measures we used to evaluate
the results of our algorithm against the reference datasets.

3.3.1 Definitions

We compared the output profiles (OP) generated using our algorithm to
ground truth profiles (GTP) in the reference datasets. Any OP profile can
be classified into different types when compared to their corresponding GTP
profiles.

1. Complete Profile (CP)
OP exactly matches its corresponding GTP.

2. Incomplete Profiles (IP)
Incomplete profile results when OP partially matches its correspond-
ing GTP. One ore more contributions are missed from the OP but it

and ”Xue, H”
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contains no wrong contributions. This case occurs when GTP is split
into two or more OP profiles.

3. Error Profiles (EP)
In this case, contributions for different authors are merged together in
the same OP. EP can be further classified into:

(1) Complete Profiles with Error (CE)
This type is similar to CP but with additional wrong contribu-
tions. It contains some outliers(one or more contributions for dif-
ferent author(s)).

(2) Incomplete Profiles with Error (IE)
This type is similar to IP but with additional wrong contributions.
This is the worst type of error where some contributions are missed
and extra wrong contributions are added to the same profile.

Figure 3.1 below shows the different possible types of algorithm output pro-
files for a given reference profile (GTP) that contains four different contribu-
tions (AC1, AC2, AC3 and AC4).

Figure 3.1: Different possible OP types for a given GTP

3.3.2 Evaluation Measures

Assume that O = {OP1, OP2, ...} is the set of OP profiles generated by the
algorithm and GT = {GP1, GP2, ...} is the set of GT profiles in the reference
dataset, then we use the following measures to validate our algorithm results:

1. CPR : Complete Profiles Rate

CPR =
|CP |
|O|

100% (3.3.1)
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2. IPR : Incomplete Profiles Rate

IPR =
|IP |
|O|

100% (3.3.2)

3. EPR : Error Profiles Rate

EPR = CER + IER (3.3.3)

Where,

(1) CER : Complete Profiles with Error Rate

CER =
|CE|
|O|

100% (3.3.4)

(2) IER : Incomplete Profiles with Error Rate

IER =
|IE|
|O|

100% (3.3.5)

According to these measures we denote the following:

• Our main goal is to maximize the CPR while minimizing the remaining
rates. If our algorithm is ideal, then CPR will be 100% while other rates
would be zeros.

• IPR represents the portion of the output profiles that have been divided
into two or more profiles. IP profiles are not perfect as CP profiles,
where contributions of same author aggregated in the same profile,
but they are not as bad as EP profiles where contributions of different
authors are falsely merged together.

• If our algorithm is lenient and inclined towards aggregation, then some
IP profiles might become complete profiles and some other IP profiles
might become error profiles. Thus, we should keep the balance between
turning IP into CP while minimizing EPR.

• If the algorithm is conservative and inclined towards separation, then
IPR rate will increase and we might reach a point where each profile
contains only one contribution (singleton profiles).
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3.4 Design Principles

During the design of our algorithm, we tried to model different real cases
in the world of publications that would enhance the accuracy of the results
and increase the author’s satisfaction. In this section, we explain these main
design principles and models.

3.4.1 Adaptivity

There is a wide variety of authors who come from different cultures and
different backgrounds. This diversity leads to different naming conventions
and different naming commonality/rarity. Our algorithm is designed to be
adaptive based on the case being handled. In the following subsections, we
discuss different adaptivity features supported in our algorithm.

3.4.1.1 Sliding Matching Threshold (SMT)

Author names with initials are a common source of disambiguation prob-
lems, especially in large LNFI clusters. In fact, we might find many authors
who claim the ownership of a given AC with name string Smith, A since all
ACs in this cluster share the same LNFI and are candidates to match this
AC. For instance, ACs with names (Lee, Jun, Lee, Juan”, Lee, Jung), all,
compete to own any AC with name Lee, J. Thus, when the comparing ACs
that contain initials we use the sliding threshold technique which slides the
matching threshold between 0.4 to 0.6 using a variable penalty of about (0
to 0.2) based on the LNFI frequency (commonality of the name).

The size of LNFI cluster defines the competition rate between different
ACs to own initial-name ACs. For example, if the size of LNFI cluster is
5000, then, there will be about 5000 ACs who are allowed to claim owning
LNFI ACs. To account for this problem, we need more evidence from each
candidate to assure that this AC really belongs to him. The larger the LNFI
cluster, the higher the matching threshold is. In other words, for popular
LNFI names (more competition), we need more evidence before assigning
the contribution to the candidate owners. Thus, we increased the matching
threshold as a function of name frequency (LNFI cluster size) according to
the equation 3.4.1.

MT = MTmin + 0.2K/µ (3.4.1)

where
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• MTmin : Minimum matching threshold. MTmin is set to 0.4.

• K : LNFI cluster size (LNFI frequency)

• µ : Maximum LNFI cluster size (maximum LNFI frequency)

3.4.1.2 Chinese and Short names

During our initial experiments and investigations, we observed that Chi-
nese names are more challenging than other names because they are very
ambiguous. First, there are many people who share the same exact name
(the homonym case). Second, names are very similar to each other and there
are many cases where the difference is only one or two characters, so if we
want to account for typos in names, we might end up with falsely merging
two contributions of totally different individuals. The same issue happens
when the name is too short (e.g. Li vs Le).

To account for these cases, we adapt our algorithm to be more conserva-
tive for both Chinese and short names. To handle Chinese names, we used
a list of very popular Chinese last names. Whenever a contribution has a
last name that belongs to this list, we decreased the string score share for
that name to 96% of the original score. This means that when comparing
two contributions and one of them belongs to a Chinese common last name,
the string score needs to be higher than normal in order to pass to the silver
stage, otherwise, they two contributions will be marked to belong to different
persons.

A similar strategy is followed in case of short first names. If the two
compared first names are complete (no initials) and their length is less than
or equal to three characters, then they should be exactly the same, otherwise
they will lose 0.5 of the original string score and thus will not pass into silver
stage. In other words, when the two compared first names are two-character
or three-character length, they should be exactly the same and no typos are
allowed.

3.4.1.3 Missing Feature

One of the issues that we face when comparing two ACs, is the absence
of one or more features. If we want to be conservative, then when a feature
is missed, then the similarity score will lose the weight of this feature. This
might deprive the two contributions of being aggregated in the same profile
just because one feature is missed for any reason. To account for this issue, we
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Figure 3.2: Transitive Matching

applied a technique that will give the opportunity for these two contributions
to be merged even if one feature is absent. This is done, by transferring half
of the weight given to the absent feature to the weight of the available feature.

For example, if the affiliation is not available, then half of the affiliation
weight is given to the coauthor feature. In this way, the compared con-
tributions have the chance to be merged if they achieve a relatively high
co-authors similarity score (higher than it would be if the affiliation feature
was available). By transferring part of the weight of the missed feature to
the available one, we keep the balance between penalizing the similarity score
for that loss of information and giving the chance to aggregate the compared
contributions when the available feature shows a high similarity score.

3.4.2 Transitive Matching Model (TMM)

Transitive matching is one of the important design principles in the al-
gorithm that helps to model changes in AD problem. TMM states that if
a contribution AC1 matches another contribution AC2 and AC2 matches a
third contribution AC3 then AC1 matches AC3. In other words, the three
contributions AC1, AC2 and AC3 will be aggregated in the same author pro-
file. Transitive matching is depicted in Figure 3.2.

TMM is important to model interest changes and/or author movements.
The assumption is that when the author changes his interest or affiliation,
he passes through a transition state where he/she shares some information
(coauthors/affiliation) with the old state.

TMM makes use of transition state to aggregate contributions of authors
from different author’s states. In spite of its clear benefits, TMM has some
side effects that might lead to falsely aggregating different contributions of
different persons in the same profile. An example of this side-effect is shown
in Figure 3.3.
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Figure 3.3: Transitivity Side Effect

3.4.3 Professor Students Model (PSM)

In academia, the same professor supervises different students. As a re-
sult, the professor usually publishes different articles with each student. For
example, when the professor publishes an article with the first student(std1),
we have two ACs; one for the professor AC1−prof and the second for the stu-
dent AC1−std1. Similarly, when a new student(std2) publishes a new article
with the same professor, we get new two author contributions; AC2−prof and
AC2−std2.

If we look at this scenario from professor perspective, we know that
AC1−prof and AC2−prof refers to the same person even though that the two
ACs have different coauthors(std1 in AC1−prof and std2 in AC2−prof ). How-
ever, the affiliation is shared between the two contribution. In this case, the
affiliation feature should be enough evidence to aggregate the two ACs in the
same profile (the professor profile).

On the other hand, from students’ perspectives, we want AC1−std1 and
AC2−std2 to be marked as non-matches even though that they share the
same coauthor (their supervisor/professor) and they have the same affilia-
tion. However, if the names of the two students are very similar, the algo-
rithm might decide to falsely merge their contributions in one profile. This
case becomes harder to detect when we have a homonym case where the two
students share the same exact name.

3.5 Scoring Methods

We used different scoring methods to calculate the similarity score be-
tween two contributions. In this section, we describe the main scoring meth-
ods.
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3.5.1 String Scoring

Our string score is mainly based on Jaro distance metric [7, 20, 21].
The string score algorithm is designed to account for different cases. The
string score is calculated according to equation 3.5.1.

SS = (Jsj + Isi)PfPc (3.5.1)

where

• SS : string score

• j : Jaro weight

• Is : initials score

• i : initials weight

• Pf : short first name penalty

• Pc : Chinese name penalty

• Pc : Chinese name penalty

using equation 3.5.1, we denote the following points regarding string score
calculation:

1. Initials-aware string scoring:
Classical editorial distance scoring methods such as Jaro distance
metric might not behave as intended in some cases where names con-
tain initials (first initial and middle initial). Thus, we added names’
initials matching logic to equation 3.5.1. For example, names with
different middle initials usually belong to different individuals.

2. Short first name penalty:
A penalty is imposed on short first names (with length 2 or 3 chars).
Complete first names with lengths 2 or 3 should be identical, otherwise,
a penalty is imposed to reduce the score. This is needed since short
names get a high Jaro score even if they refer to different persons.

3. Chinese name penalty:
Chinese names are challenging especially with common last names and
short first names. To account for that, a set of common Chinese last
names (ccl) is used. When a last name belongs to ccl, the complete
first names should be almost(0.96) identical.
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4. Name consistency:
We believe that all name variants for a given name should have the op-
portunity to be compared. However, in some cases, two name variations
might get a string score that is below the string score threshold. Two
names are considered consistent if one of them represents a variation
for the other. To account for these cases, we added a name consistency
checker to find candidates undetected by string score. Name consis-
tency checker is enabled when the string score is below 90 and greater
than or equal 70.

3.5.2 Co-authors Scoring

Let’s assume that we have two co-authors lists to be compared: C1 =
{c1, c2, c3, ...} and C2 = {c1, c2, c3, ...}, then the co-authors score is calculated
as shown in equation 3.5.4:

ζf = C1 ∩ C2 (3.5.2)

Where ζf is the number of full names shared between two co-author lists.

ζlnfi = (lnfi(C1) ∩ lnfi(C2))− lnfi(ζf ) (3.5.3)

Where ζlnfi is the number of lnfi names shared between two co-author lists
and lnfi(C) is a function that converts a list of full names (C) into a list of
lnfi names.

CS = ζf f + ζlnfilnfi (3.5.4)

where

• CS : coauthor score

• f : ζf weight

• lnfi : ζlnfi weight

CSn =

{
1, if CS ≥ 1

CS, Otherwise
(3.5.5)
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Where CSn is the normalized coauthor score.

Generally, coauthor list is not clean and coauthor name is written with
initials instead of using the full name. To account for these cases where the
full names are abbreviated or misspelled, the lnfi matching measure (equa-
tion 3.5.3) is added to the scoring equation but with lower weight than the
full name matches.

3.5.3 Affiliation Scoring

From one publication to another, the affiliation of the author might be
written in different ways. For example, the author might add some new
words, remove other words, or he might use some abbreviations. Thus, the
affiliation needs to be normalized before it can be used in the scoring. For
example, common words such as (department, university, center, ...) or their
equivalent abbreviations such as (Dept., Univ, Centr) are removed.

The output of the affiliation normalization process is a set of normalized
items that represent the important parts of the affiliation. Given two nor-
malized affiliation lists: aff1{item1, item2, ...} and aff2{item1, item2, ...},
the affiliation score (AS) is calculated according to the following equations.

χ = min(|aff1|, |aff2|) (3.5.6)

AS =


0, if χ=0

(aff1 ∩ aff2)/3, if 0 < χ < 3

(aff1 ∩ aff2)/χ, Otherwise

(3.5.7)

We used the minimum as normalization for the affiliation score in order
to account for the cases when the author adds new words to the same af-
filiation. Since the affiliation is normalized and contains in most cases the
most important words in the affiliation, it is safe to use the minimum for
normalization.
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Table 3.3: Features Weights Distribution

Feature Weight
String Score 0.1
Affiliation Score 0.4
Co-author Score 0.5

3.5.4 Weights Distribution

The decision in the silver stage is taken based on three main features,
string score, coauthors and affiliation. The distribution of weights among
these features is shown in Table 3.3. We used a low weight (0.1) for string
score for two reasons. First, it is already used in the golden stage as a key to
enter the silver stage. Second, we need to reduce the impact of string score in
homonym cases where string score might reach 100%. Thus, we don’t need
the string score to be dominant which might lead to false positives in the
case of very ambiguous and similar names.

Initially, we distributed the remaining weight (0.9) equally between the
two remaining features (affiliation and co-author). However, our initial ex-
periments showed that the coauthor feature is more reliable than affiliation
since the affiliation can be shared among a large number of persons, espe-
cially in large-scale universities and institutions. Thus, we set the affiliation
weight to 0.4 and the co-author weight to 0.5. In addition, according to
[39], the domain experts gave higher weight for co-author feature than the
affiliation feature.

3.6 Algorithm Design

Our algorithm consists of three phases pipeline. The first phase pre-
pares the input to the next phase including features extraction and data
pre-processing. In the second phase, the matching logic is performed and the
similarity score is calculated to decide whether any given two name strings
belong to the same individual or not. Finally, in the third phase, the out-
put of the second phase is used to aggregate similar records of an individual
in the same profile. The overall algorithm design and workflow is shown in
Figure 3.4.

To ensure high accuracy results, we used the most important features
among the article’s meta data. Mainly, we used email, name string similar-
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ity, affiliation and co-authors features. In addition, we involved the publi-
cation date and frequency of the name in the disambiguation decision. We
neglected other features such as title and keywords because our initial exper-
iments showed that these features have an insignificant impact on the result’s
accuracy, while at the same time, they slow down the algorithm because of
extra features calculations.

In addition, our heuristic approach includes both aggregation and sepa-
ration techniques. For example, the algorithm might take a positive decision
(the two publications belong to the same individual) using only one feature
with strong evidence (high score), or using a combination of features where
each of them plays a role to strengthen the similarity score. For example, if
the two publications share two or more full name co-authors, then it is more
likely that these publications refer to the same individual.

On the other hand, we include some techniques to take a negative deci-
sion (the two publications belong to different individuals). For example, if
the difference in publication date is more than the maximum expected pub-
lication life, it is more likely that the two publications refer to two different
individuals.

3.6.1 Contribution Extractor (CE)

Contribution Extractor (CE) is responsible for collecting all information
of a given contribution in the same record called Author Contribution (AC).
In addition, CE extracts and normalizes the features such as coauthor and
affiliation list so they become ready for comparison in the next component.
CE accepts a set of original records and outputs a set of AC records. CE is
designed to work in parallel to speed up the process. Figure 3.5 depicts an
input/output example of CE component.

3.6.1.1 Affiliation Normalization

The affiliation normalization includes the following items

• Remove (nullify) street addresses starting with a number

• Remove common affiliation words such as Institution, School, Hospital,
Center, Department, Dept, etc.

• Remove stop words such as (is, the, or, and, etc.).
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Figure 3.4: Algorithm Workflow

3.6.2 Decision Engine (DE)

Decision Engine (DE) represents the brain of the algorithm. In this phase,
the matching decision is made. Since DE is the core component that con-
tains lots of computations, it is the slowest component in the algorithm. To
speed up this component, the computation is decomposed into three stages:
Golden stage, Silver stage and Bronze stage. Algorithm 1 describes the DE
logic.

Each stage builds on the result of the previous stage and returns ternary
number to represent three statuses, match, non-match, and un-decidable. If
a match or a non-match is returned, then the decision is made, and no need
to go to the next stage. If un-decidable is returned, the next stage will be
used to attempt to come up with a decision. Our goal is to take the matching
decision as soon as possible with the minimum computations. The lines 10
and 16 in Algorithm 2 represent the transition state between stages.
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Figure 3.5: Contribution Extractor (CE)

Result: AM record for each input AC record. AM contains all
matches for a given AC

1 Function DecisionEngine(AC {AC1, AC2, ...})
2 foreach AC record in AC {AC1, AC2, ...} Records do
3 FindMatches(AC)
4 end

Algorithm 1: Decision Engine Algorithm
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Result: AMs: a record that contains a set of ACc records that are
similar to ACs

1 Function FindMatches(ACs)
2 AMs ← {}
3 foreach candidate ACc in lnfi(ACs) do
4 isMatch ← GoldenStage(ACs, ACc)
5 if isMatch = match then
6 AMs ← (AMs ∪ ACc)
7 else if isMatch = nonMatch then
8 get next ACc

9 else
/* go to Silver stage */

10 isMatch ← SilverStage(ACs, ACc)
11 if isMatch = match then
12 AMs ← (AMs ∪ ACc)
13 else if isMatch = nonMatch then
14 get next ACc

15 else
/* go to Bronze stage */

16 isMatch ← BronzeStage(ACs, ACc)
17 if isMatch = match then
18 AMs ← (AMs ∪ ACc)
19 else
20 get next ACc

21 end

22 end

23 end

24 end
Algorithm 2: Find Matches Algorithm
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3.6.2.1 Golden Stage

The golden stage is mainly based on email feature. Even though the
email sounds like a feature that can be used alone to disambiguate people,
but there are few issues in the data that makes it not completely reliable.
Below is a list of the issues that degrade the significance of the email:

• Not all author names in the database are associated with email. In fact,
the majority of authors’ name strings are not associated with emails.

• Some authors use different emails in different articles. This issue makes
it impossible to use the email feature alone in disambiguation.

• Different authors might use same emails in different publication. For
example, there are cases where two different authors from the same
department use same department’s email on their publications.

To tackle these issues with email, we combine the email feature with LNFI
as a matching criterion. In other words, if two contributions have the same
email and they share the same last name and first initial, then they are con-
sidered as matches.

On the other hand, if any of the following rejection criteria holds, then
the two contributions are considered as non-matches:

• ACs that are generated from the same article are considered as non-
match. Authors who coauthored the same article are usually different
individuals even though they share the same LNFI.

• ACs with more than 80 years publication date difference (the maximum
expected publication period), usually belong to different individuals.

If neither the matching criteria nor the rejection criteria hold, then the case
is considered as un-decidable and it is passed to the next stage (silver stage).
The golden stage is described in Algorithm 3.

3.6.2.2 Silver Stage

since co-authors and affiliation features are the most important features
after the email, the silver stage is mainly composed of a combination of
co-author scoring and affiliation scoring. In addition, this stage adds some
adaptivity features to the algorithm such as considering name commonal-
ity when taking the disambiguation decision. The logic of silver stage is
described in Algorithm 4.
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Result: returns if two names refers to same author or not
1 Function GoldenStage(ACs,ACc)
2 if emails = emailc then
3 return ”match”
4 else if |PubY ears − PubY earc| ≥ 80 then
5 return ”nonMatch”
6 else
7 go to next stage
8 end

Algorithm 3: Golden Stage

Result: returns if two names refers to same author or not
1 Function SilverStage(ACs,ACc)
2 isMatch← false
3 minMatchingTh← 40
4 nextStageTh← 20
5 nameScoreTh← 90
6 SS ← calculate string score(names, namec)
7 if SS < nameScoreTh then
8 return ”nonMatch”
9 else

10 AS ← calculate affiliation score(affs, affc)
CS ← calculate coauthor score(cos, coc)
SS = SS − nameScoreTh

11

TotalScore = SSn + CSc + ASa (3.6.1)

12 MatchingTh = minMatchingTh+ δ
13 if TotalScore ≥MatchingTh then
14 return ”match”
15 else if TotalScore ≥ nextStageTh then
16 go to Bronze stage /* go to next stage */

17 else
18 return ”nonMatch”

19 end
Algorithm 4: Silver Stage
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3.6.2.3 Bronze Stage

The bronze stage tries to find matches with low Silver stage score but
with low-frequency names. The main purpose of this stage is to decrease
the number of incomplete profiles by aggregating profiles with rare names
that have low similarity score. The assumption here is that contributions
with rare names (low-frequency names) are more likely refer to the same
individual if there is similarity match between them even though that their
similarity score is low. We consider a given name as a rare name if it is
frequency is less than or equal 10. This stage is described in Algorithm5.

In order to reduce the possibility of falsely merging two profiles of different
persons, we excluded names with initials only and thus only full names might
pass this stage. In addition, the string score between the compared names
must be 100% (exact name match). Moreover, this stage requires a Silver
stage similarity score to be more than or equal 20%.

Result: returns if two names refers to same author or not
1 Function BronzeStage(ACs,ACc, nameScore)
2 fs = freq(names)
3 fc = freq(namec)
4 if (nameScore = 100 AND fs ≤ 10 AND fc ≤ 10) then
5 return ”match”
6 else
7 return ”nonMatch”
8 end

Algorithm 5: Bronze Stage

3.6.3 Profile Aggregator (PA)

This component is responsible for aggregating all contributions of the
same author in the same AP record. It accepts AM records as input and
outputs AP records. Similar to the previous components, PA is designed to
work in parallel. This component makes use of the transitivity feature to
aggregate the contributions of the same individual in the same profile. Fig-
ure 3.6 depicts an example of the transitive feature of the profile aggregator
component.

This component aggregates all contributions of a given author in one
record called author profile (AP). AP record is given a unique ID that belongs
to a single individual.
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Figure 3.6: Profile Aggregation Example
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Chapter 4

Experiments and Results

4.1 Environment and Programming Language

Our datasets are stored inside MarkLogic NoSQL database[25]. Basically,
we used XQuery programming language[38] to develop our algorithm. In ad-
dition, we used different tools and libraries provided by MarkLogic server
such as its power-full querying and searching functions as well as its different
flexible and efficient indexing techniques. Moreover, we used MarkLogic task
server[26] in order to parallelize the tasks in the three different phases of the
algorithm.

To run our experiments, we used both a single server with a single node
as well as a cluster environment with three power-full physical nodes. Table
4.1 shows the hardware specifications of the used environment.

Table 4.1: Environment Specifications

Server Operating System CPU Info Memory Disk Space
Cluster (3 nodes) RHEL 6.5 (x86 64) 3 X 32 cores 3 X 96.7 GB 3 X 4.5 TB
Server (single node) RHEL 6.6 (x86 64) 24 cores 84 GB 7 TB

4.2 Experiments

Our algorithm uses different parameters (thresholds and weights) that
need to be tuned. Therefore, we conducted different experiments to tune
these parameters as will be shown in the following subsections.
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4.2.1 String Score Experiments

In this experiment, we aim at finding the best cutoff string score threshold.
To do so, we ran the algorithm using only string score as matching criteria
and we disabled all other stages of the algorithm. We repeated this experi-
ment five times using five different string score thresholds (0.75 to 0.95). We
used the Selective dataset to find the best threshold for string score.

According to the results of this experiment shown in Figure 4.1, the best
cutoff threshold is (90%) where the highest complete profiles rate and the
lowest error rate can be achieved. It is clear that higher string score thresh-
old, we get high true positive rate but with a high false positive rate too. On
the other hand, low string score produces a lower error profiles rat but with
lower complete profiles rate.

Even that our string scoring algorithm is powerful and is able to de-
tect most of the candidates, we found some cases where our chosen cutoff
threshold(90%) failed to catch up some real candidate cases for a given name
string. This is mainly due to different name string lengths in addition to
names with initials. In order to account for these cases, we added another
check for name consistency. The name consistency checker gives the oppor-
tunity for each name variation to be a candidate for the source author name
even if the string score threshold is below 90%.

Figure 4.1: String Score Experiment
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4.2.2 Matching Threshold Experiments

The result of comparing two ACs is a similarity score that represents how
much the two records are close to each other. In order to decide that the
two ACs belong the same individual, their similarity score should be above
a certain threshold. This threshold is called matching threshold.

In order to find the best matching threshold, we applied our algorithm on
the reference datasets using different thresholds. Figure 4.2 below represents
the results using these different threshold. According to the result of this ex-
periment, it is clear that 40% threshold is the best threshold that maximizes
the CPR while minimize both IPR and EPR.

In addition, this experiment shows that high thresholds which are higher
than 50% tend to produce a larger number of incomplete profiles at the
expense of complete profiles while decreasing the number of error profiles.
On the other hand, low thresholds less than 30% leads to higher number of
error profiles and smaller number complete profiles.

4.2.3 Algorithm Speedup

Suppose that our database contains N different LNFI clusters and each
LNFI cluster size is ki, then the number of different all-against-all compar-
isons can be calculated using the equation 4.2.1. Since we used the LNFI to
limit the search scope, the complexity of the algorithm depends on both the
number of different clusters and the size of each cluster.

Number of Comparisons =
N∑
i=1

ki(ki − 1) (4.2.1)

In our case, we have all-against-all comparisons within each cluster. Thus,
for a given LNFI cluster of size k, we need k(k − 1) of AC comparisons. To
speed up the algorithm, we used the following techniques:

• Parallel Execution
The main three components have been implemented to run in parallel.
Thus, the time needed is reduced by the degree of parallelism and the
available concurrent running processes(threads).

• Code Optimization
The main purpose of code optimization is to eliminate unneeded com-
parisons which either repeated or can be inferred using transitivity
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property. We assumed that comparing two contributions is commuta-
tive/symmetric. For instance, if AC1 is compared to AC2, then when
AC2 turn comes, it never compared again with AC1. Using the com-
mutativity property, we reduced the number of comparisons to the half
(from ki(ki − 1) to (ki(ki − 1))/2).

In order to measure the impact of our improvements on the algorithm
running time, we conducted some experiments against the Selective dataset
which consists of 4466 contribution records that need to be disambiguated.
We ran our algorithm against this dataset one time without our code op-
timization and a second time with our optimization. In order to eliminate
the cache effect or any unexpected factors, we repeated each experiment two
times and we calculated the average running time.

In addition, to test the impact of parallelism, we conducted two of these
experiments using single-thread and two experiments using multi-threads(20
threads). The result of these experiments is shown in Figure 4.3. It is clear
from Figure 4.3 that when we enable our code optimization techniques de-
scribed previously, we can reduce the running time from about 41 minutes
to about 23 minutes with about 42% of time reduction. When we enable
both the code optimization and the parallelism we reduced the running time
noticeably to only about 3 minutes.

These experiments were conducted on the single-node server described in
Table 4.1. It is important to note that we only measured the running time for
the second phase of the algorithm which is the slowest phase. The running
time of the two other phases is negligible when compared to the time needed
for the second phase.

Moreover, Figure 4.4 depicts the difference between the resulted sample
AP with and without code optimization. Each node in the figure represents a
contribution record and the arrow represents a comparison between the two
records. The result shown in the figure shows that we can reach the same
output profile but with much smaller number of comparisons when the code
optimization is enabled.

4.3 Algorithm Results

In this section, we show the results of our ground-truth reference datasets.
Also, Figure 4.13 shows the average results of all datasets.
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4.3.1 Results of Abbas Dataset

This dataset represents all authors with last name Abbas and all their
co-authors. It contains 1652 author name strings (including homonyms).
The dataset was manually labeled to cluster the distinct individual authors.
The number of profiles produced from the manual process is 1183 individual
author profiles.

The algorithm produced 1226 profiles. Figure 4.5 shows that the absolute
disambiguation accuracy for this dataset is 93.39%. That means the content
of 93.39% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 6.2% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data
is not mixed with other individuals’ data. 0.41% of the generated profiles
contain the exact data for an individual but it has extra data from other
individuals. Finally, we have 0.0% IER which means that we do not have
mixed incomplete data for different individuals.

4.3.2 Results of Mahmood Dataset

This dataset represents all authors with last name Mahmood and all their
co-authors. It contains 1259 author name strings (including homonyms). The
dataset was manually labeled to cluster the distinct individual authors. The
number of profiles produced from this process is 886 individual author pro-
files.

The algorithm produced 914 profiles. Figure 4.6 shows that the absolute
disambiguation accuracy for this dataset is 93.54%. That means the content
of 93.54% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 5.47% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 0.77% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0.22% has mix data for different individuals.

4.3.3 Results of Collet Dataset

This dataset represents all authors with last name Collet and all their
co-authors. It contains 2885 author name strings (including homonyms).
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The dataset was manually labeled to cluster the distinct individual authors.
The number of profiles produced from this process is 1324 individual author
profiles.

The algorithm produced 1417 profiles. Figure 4.7 shows that the absolute
disambiguation accuracy for this dataset is 89.06%. That means the content
of 89.06% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 10.66% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 0.28% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0.0% has mix data for different individuals.

4.3.4 Results of Vail Dataset

This dataset represents all authors with last name Vail and all their co-
authors. It contains 2545 author name strings (including homonyms). The
dataset was manually labeled to cluster the distinct individual authors. The
number of profiles produced from this process is 1304 individual author pro-
files.

The algorithm produced 1366 profiles. Figure 4.8 shows that the absolute
disambiguation accuracy for this dataset is 92.53%. That means the content
of 92.53% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 7.17% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 0.29% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0.0% has mix data for different individuals.

4.3.5 Results of Racine Dataset

This dataset represents all authors with last name Racine and all their
co-authors. It contains 1426 author name strings (including homonyms).
The dataset was manually labeled to cluster the distinct individual authors.
The number of profiles produced from this process is 673 individual author
profiles.
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The algorithm produced 707 profiles. Figure 4.9 shows that the absolute
disambiguation accuracy for this dataset is 90.24%. That means the content
of 90.24% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 7.92% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 1.41% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0.42% has mix data for different individuals.

4.3.6 Results of Royer Dataset

This dataset represents all authors with last name Royer and all their co-
authors. It contains 1239 author name strings (including homonyms). The
dataset was manually labeled to cluster the distinct individual authors. The
number of profiles produced from this process is 736 individual author pro-
files.

The algorithm produced 786 profiles. Figure 4.10 shows that the absolute
disambiguation accuracy for this dataset is 90.2%. That means the content
of 90.2% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 9.8% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is
not mixed with other individuals’ data. 0% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0% has mix data for different individuals.

4.3.7 Results of Selective Dataset

This dataset represents an extreme case of author name strings. It con-
tains 4466 author name strings (including homonyms). We tried to collect
names from multiple backgrounds and common last names. The data is col-
lected based on the following filters Brown W, Xue H and Ramos M. The
dataset was manually labeled to cluster the distinct individual authors. The
number of profiles produced from this process is 2498 individual author pro-
files.

The algorithm produced 2666 profiles. 4.11 shows that the absolute dis-
ambiguation accuracy for this dataset is 89.2%. That means the content of
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89.2% of the generated profiles match exactly the result of the human gen-
erated profiles. It also shows that 9.71% of the generated profiles are correct
but divided on more that one profile. For example, an individual might have
his/her data divided into more than one profile, but this data is not mixed
with other individuals’ data. 0.75% of the generated profiles contain the ex-
act data for an individual but it has extra data for other individuals. 0.34%
has mix data for different individuals.

4.3.8 Results of Zang Dataset

This dataset represents all authors with last name Zang and all their co-
authors. It contains 3539 author name strings (including homonyms). The
dataset was manually labeled to cluster the distinct individual authors. The
number of profiles produced from this process is 2040 individual author pro-
files.

The algorithm produced 2170 profiles. 4.12 shows that the absolute dis-
ambiguation accuracy for this dataset is 90.09%. That means the content
of 90.09% of the generated profiles match exactly the result of the human
generated profiles. It also shows that 8.48% of the generated profiles are
correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 1.24% of the generated profiles contain
the exact data for an individual but it has extra data from other individuals.
0.18% has mix data for different individuals.

4.3.9 Average Result

The average result across all the datasets above is shown in Figure 4.13.
The average absolute disambiguation accuracy is 91.03%. That means the
content of 91.03% of the generated profiles match exactly the result of the
human generated profiles. It also shows that 8.18% of the generated profiles
are correct but divided into more than one profile. For example, an individual
might have his/her data divided in more than one profile, but this data is not
mixed with other individuals’ data. 0.64% of the generated profiles contains
the exact data for an individual but it has extra data from other individuals.
0.15% has mix data for different individuals.
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4.3.10 Additional Datasets Results

To ensure the generalization of the algorithm, we used three more datasets
(Peters E, Paul S and Zhang M) that have been labeled manually. These
unseen datasets which were hidden during our algorithm design and thresh-
olds selection can give an insight about the generalization of the algorithm.
The description of these datasets is shown in Table 3.2. The results of these
datasets are shown in Figures 4.14, 4.15 and 4.16.

The results of these datasets are consistent with the results of our refer-
ence datasets which prove the ability of our algorithm to generalize on new
datasets with high accuracy. It is clear that we can get more than 90% of
complete profiles that exactly match the manually disambiguated profiles.
Also, the incomplete profiles ratio for the three datasets (8.96%, 3.87% and
4.69%) is within the expected range.

In addition, we can see that both Paul S and Peters E achieved very
low error profiles ratios (0.59% and 0.86% respectively). However, Zhang M
dataset showed a higher portion of error profiles which refers to two main
reasons. First, this dataset represents Chines names which are very challeng-
ing. Second, this dataset is more prone to human error since it is larger in
size and contains a higher level of ambiguity.

4.4 Algorithm Generalization

We applied our algorithm against the entire PsycINFO database in or-
der to test the generalization and the scalability of the algorithm in a real
environment. PsycINFO database contains about 10.5 million author name
instances including homonyms. The algorithm produced about 4 million au-
thor profiles with a ratio of 2.58 contributions per profile as shown in Table
4.2.

In order to evaluate the results of the algorithm, we conducted two types
of experiments. The main objective of these experiments is to assess the
accuracy of the results and to evaluate the generalization of the algorithm.
In the first experiment we try to detect candidate error profiles while in the
second experiment we estimate the portion of incomplete profiles.

The disambiguation process of entire database is performed using a clus-
ter environment that consists of three powerful multi-core physical nodes.
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The specification of the running environment is described in Table 4.1. The
algorithm took about 80 hours to finish on the entire database. Most of the
time (80% of the total time) has been taken by the second phase where the
disambiguation decision is taken.

Table 4.2: The algorithm results of the entire PsycINFO database

AC Records AP Records AC/AP Rate
10,670,921 4,133,094 2.58

4.4.1 Candidate Error Profiles

In this experiment, we assumed that any AP record that contains any two
name string variations with string score below a given threshold as a candi-
date error profile where two different authors have been merged in the same
profile. We repeated this experiment twice, each time, we used a different
string threshold (85% and 90%). The result of this experiment is shown the
table 4.3. It is clear that the error rate using both thresholds is less than the
average error rate reported using the ground truth datasets.

Table 4.3: Candidate Error Profiles

Total AP Count String Score Threshold Error Profile Candidates Error Profiles Percentage

4,133,094
85% 6,893 1.67E-03
90% 1,4768 3.57E-03

4.4.2 Candidate Partial Profiles

Partial profiles are correct but incomplete profiles. This case occurs when
two or more contributions of the same person are split into two or more pro-
files. This experiment is based on the assumption that rare(less frequent)
name strings are more likely to refer to the same person. If the exact name
strings of rare names that come from different ACs have been distributed
among two or more profiles, then these profiles are counted as incomplete
profiles.

In this experiment, we used only full names and we excluded names with
initials. We repeated the experiment different times using different definition
for low frequency names. The results are shown in Table 4.4. Candidate
partial profiles with name frequency greater than 10 is 322,170 (0.078 of total
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profiles). The total candidate partial profiles regardless of name frequency is
726,855(0.176 of total profiles).

Table 4.4: Candidate Partial Profiles

AP Records Name Frequency(<=) Candidate Partial Profiles Partial Profiles Ratio

4,133,094

2 122,812 0.030
4 258,642 0.063
6 329,808 0.080
8 373,704 0.090
10 404,685 0.098

4.4.3 ORCID Experiment

ORCID (Open Researcher and Contributor ID) is a unique digital iden-
tifier used to distinguish researchers, contributors and academic authors[31].
Once the author creates his ORCID, he can use it as global ID for his con-
tributions/publications.

In this experiment, we used the ORCID to evaluate the reslults our algo-
rithm. There are about 60,000 ORCID ID inside our database. We compared
the results of the algorithm (algorithm profiles) with existing ORCID pro-
files. ORCID profile is an ORCID record that contains all publications of a
given author.

We have two cases for the ORCID profile. In the best case, ORCID
profile is mapped to a single corresponding algorithm profile. On the other
hand, ORCID profile might be distributed among two or more algorithm
profiles. The result of this experiment shows that about ∼92% of ORCID
profiles, either have only a single profile(∼79%) or have been split into only
two profiles(∼13%). Other cases represent only about ∼8% of the ORCID
Profiles. Figure 4.17 depicts the partials rates.

4.5 Discussion

Our results indicate that the highest portion of output profiles ( 91% on
average) are complete profiles that exactly match their corresponding pro-
files in the reference datasets. The rest of profiles are distributed between
partially correct and error profiles.
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We have, on average, about 8% of incomplete profiles that partially match
their corresponding profiles. The incomplete profiles are pure profiles, i.e.
they contain only contributions of the same individual but some of the con-
tributions are missed. In these cases the author/contributor will find his
contributions divided into two or more profiles. The last portion of output
profiles represents the error profiles. We have less than 0.8% of error profiles
which represent a very small portion of the output profiles.

The worst type of errors is IE where a subset of contributions of two or
more individuals is falsely merged together. According to the results, we
were able to minimize the IER so that it is the minimum rate among other
types. For the datasets Racine, Vail, Collet, Abbas and Peters E, IER is
0.0%. For other datasets, the maximum observed IER is 0.53% in Zhang M
dataset.

The minimum achieved CPR is around 89% for both Selective and Col-
let datasets. The Selective dataset represents an extreme dataset in terms
of size and names diversity since it was selected using three different names.
On the other hand, Collet dataset contains many of abbreviated full names
using name initials which increased the level of ambiguity in this dataset.

There is a clear trade-off between CP profiles and other types of profiles,
especially the IP profiles. In order, to minimize the error profiles, the algo-
rithm tends in certain cases to be more conservative which causes splitting
some of CP profiles into two or more IP profiles and thus increasing the IPR.
This behavior can be observed in different dataset that achieved around 90%
such as Royer dataset. In those datasets, we observe a higher IPR ( 7%- 8%).

The high IPR is due to several reasons such as the absence of some fea-
tures and very ambiguous cases where the disambiguation decision is hard to
take. In these cases, the algorithm tends towards segregating the two com-
pared contributions rather than aggregating them together. Our assumption
is that, it is more acceptable for the author to find his contributions splitted
into two profiles than to find some of his contributions falsely merged within
profiles of other authors.

Comparing our results to previous AD methods is difficult due to the ab-
sence of a common benchmark dataset. In fact, constructing such a bench-
mark dataset is a challenging task, especially that the AD is context de-
pendent problem. However, our algorithm is distinguished by a set features
including efficiency, adaptivity and flexibility.
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In contrast to other approaches, using our heuristic approach, we are
able to model real life models such as professor-students model and author
movements model. This flexibility enhances the accuracy of the results. In
addition, the heuristic approach requires no training data which represent
the main challenge for supervised AD methods.

During our literature review, we observed the absence of a quantitative
assessment of the proposed approaches in terms efficiency. In this work,
we conducted some experiments to quantitatively measure the computation
time using Selective dataset. The results showed that we are able to reduce
the disambiguation time noticeably with about 42% of time reduction. This
reduction in time was obtained due to many speedup techniques in addition
to the parallel execution of tasks within each phase of algorithm.

One of the main speedup techniques is the multi-stage matching logic
implemented in the second phase of the algorithm. This technique is based on
the assumption that, in some cases we can take the disambiguation decision
using a only subset of features. We move to the next stage only if we are
not able to take the decision using the features score in the current stage.
In addition, we implemented some optimization techniques to reduce the
number of performed comparisons by leveraging some properties such as
transitivity and commutativity.

53



4.5. DISCUSSION 54

Figure 4.2: Silver Stage Threshold Selection

(a) Abbas (b) Mahmood

(c) Collet (d) Vail

(e) Racine (f) Royer

(g) Selective (h) Zang
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Figure 4.3: Algorithm Speedup

Figure 4.4: Sample AP with/without optimization

(a) Sample AP without optimization (b) Sample AP with optimization
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Figure 4.5: Algorithm result for Abbas dataset

Figure 4.6: Algorithm result for Mahmood dataset
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Figure 4.7: Algorithm result for Collet dataset

Figure 4.8: Algorithm result for Vail dataset
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Figure 4.9: Algorithm result for Racine dataset

Figure 4.10: Algorithm result for Royer dataset
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Figure 4.11: Algorithm result for Selective dataset

Figure 4.12: Algorithm result for Zang dataset
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Figure 4.13: Algorithm Average Result

Figure 4.14: Peters, E Dataset
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Figure 4.15: Paul, S Dataset

Figure 4.16: Zhang, M Dataset
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Figure 4.17: ORCID Partials Rates
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Solving author name ambiguities can be helpful in many different appli-
cations especially for digital libraries. Creating author profiles, identifying
the contributions of authors and studying their collaboration networks are
clear examples where AD is beneficial.

In this work, we proposed a new heuristic-based algorithm to address AD
problem. Our proposed algorithm is designed to be efficient, scalable, adap-
tive and accurate.

Unlike supervised methods, our heuristic approach does not require any
training data. Preparing training data is challenging task since the training
examples need to be both representative and sufficient in terms of quantity
and quality.

Our algorithm is decomposed into three different phases. Each phase is
designed so that all its tasks can be run in parallel. In addition, the second
phase which implements the matching logic is designed to work in stages in
order to take the decision as fast as possible.

Using parallelism and multi-stage decision making in addition to some
optimization techniques, the proposed algorithm is proved to be efficient and
scalable to work in a real environment where there are millions of name in-
stances need to be disambiguated within a relatively short time.

The proposed algorithm is enriched with different adaptivity features such
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as considering name popularity/rarity in the disambiguation process. This
adaptive behavior enabled the algorithm to cover the wide variations in a
large collection of name strings.

Using our heuristic approach allows for tuning the algorithm to account
for the causes of errors, and also allows for the many benefits of the intelli-
gent clustering up front to ensure both the accuracy and the efficiency of the
algorithm. However, the heuristics do rely on reactions to observed condi-
tions and errors, and is thus reliant on the characteristics of the immediate
dataset and the conclusions of the observer.

We validated our algorithm against a collection of manually labeled ref-
erence datasets that cover a wide range of variations. These datasets were
collected from APA PsycINFO database. The results showed that about 91%
of the output profiles exactly matched the profiles in the reference datasets
and about 8.18% partially matched the reference profiles and only less than
0.8% of error profiles.

To prove the scalability, we applied our algorithm against the entire APA
PsycINFO database that contains more than 4 million publications with
about 10.5 million name string instances including homonyms. The disam-
biguation of all authors in the whole database was done with in 4 days which
is a relatively short time. Our assessment of this process indicates that the
achieved accuracy and error rates are consistent with the reference datasets
results.

According to our results, we conclude that the heuristic based approach
can be used to handle AD problem efficiently with a high accuracy results.
In addition, our results showed that the heuristic approach is scalable and
can be generalized to work in real large databases. Moreover, the heuristic
approach is more controllable and flexible to model real life models and can
be combined with some adaptive features to enhance the accuracy of the
results.

5.2 Future Work

In spite of the high accuracy we obtained in our algorithm, it is clear
that 100% accuracy can not be achieved using automatic disambiguation
methods only. Therefore, we think that hybrid solution that combines both
automatic disambiguation in addition to the human intervention is the best
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effective approach to address the AD problem.

We think that combining our algorithm with some human intervention
will lead to more accurate results and more user satisfaction. In this way,
we can solve very ambiguous cases where the records of different authors are
falsely merged together. On the other hand, the author can aggregate his
records that the algorithm decided to split because of missing information or
low similarity evidence.

It is important to note that our proposed algorithm is designed to work
on a pre-existing database as a batch processing. However, current digital
libraries continuously ingest new articles to their databases. Therefore, there
is a need to disambiguate author names during the ingestion process. This
type of disambiguation is called incremental disambiguation.

Incremental disambiguation should be efficient and fast since it will be
performed on regular basis in a real environment. The incremental algo-
rithm should be designed to deal with the new records without the need to
re-disambiguate the entire database which will be expensive in terms of time
and processing power. Certainly, the incremental algorithm would make use
of the core logic and scoring methods developed in our algorithm.

During the disambiguation process, we used the transitivity property to
aggregate similar contributions in the same record without performing the
actual comparisons. Despite that transitive aggregation was a valuable op-
timization technique in our algorithm, we should denote that accepting the
transitive result as an absolute fact might lead to some side-effects. There-
fore, we think that it is valuable to investigate the effect of transitivity on
the accuracy of the algorithm and try to handle its subtle problems.

Also, our algorithm depends on different thresholds to take different de-
cisions. Basically, we conducted different experiments to choose the best
thresholds. However, these experiments look at each threshold indepen-
dently. Another way to do the selection, is to use one of the optimization
tools that considers the different combination of parameters and selects the
best thresholds.

In addition, our scoring methods are based only on a subset of features
such as email, coauthors and affiliation. Our assumption was to focus on the
most important features in order to minimize the disambiguation time and
enhance the algorithm efficiency without noticeably affecting the accuracy of
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the results. However, it is a good idea to explore some new features such as
article title, keywords and citation overlap, and study their impact on both
the performance of the algorithm as well as the accuracy of the results.
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